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Environmental cues in an ecological niche are often temporal in nature. For instance, in temperate climates, temperature is higher in daytime compared to during night. In response to these temporal cues, bacteria have been known to exhibit anticipatory regulation, whereby triggering response to a yet to appear cue. Such an anticipatory response in known to enhance Darwinian fitness, and hence, is likely an important feature of regulatory networks in microorganisms. However, the conditions under which an anticipatory response evolves as an adaptive response are not known. In this work, we develop a quantitative model to study response of a population to two temporal environmental cues, and predict variables which are likely important for evolution of anticipatory regulatory response. We follow this with experimental evolution of Escherichia coli in alternating environments of rhamnose and paraquat for ∼850 generations. We demonstrate that growth in this cyclical environment leads to evolution of anticipatory regulation. As a result, pre-exposure to rhamnose leads to a greater fitness in paraquat environment. Genome sequencing reveals that this anticipatory regulation is encoded via mutations in global regulators. Overall, our study contributes to understanding of how environment shapes the topology of regulatory networks in an organism.
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INTRODUCTION

Environmental cues are often cyclical in nature, for instance, temperature in day is higher and night is cooler. Thus, microorganisms have to continuously adapt to this changing environment. Moreover, the changing cues have a strong temporal element associated with them. That is, high temperature precedes the lower temperature of the night. Can the gene expression pattern of a microbial population be tuned to pre-empt the arriving cue? While examples of such anticipatory gene regulation are known from ecological contexts (Tagkopoulos et al., 2008; Mitchell et al., 2009), the dynamics of evolution of anticipatory regulation are not known.

The cellular response to a biological cue is based on specificity of recognition of the cue. Biological systems expend considerable effort toward reducing non-specific substrate binding and reducing crosstalk (Swain and Siggia, 2002; Siryaporn and Goulian, 2008; Skerker et al., 2008; Johnson and Hummer, 2011). However, anticipatory regulation requires that the gene expression is tuned in response to a yet-to-appear environmental cue. Moreover, regulatory crosstalk between cellular modules is ubiquitous in biology (Ravasz et al., 2002; Shen-Orr et al., 2002). One of the forms of specificity and crosstalk in regulation is between transcription factors and their recognition site on the DNA. Although each transcription factor binds its cognate regulatory site on the DNA, significant non-specific binding, and hence regulatory crosstalk, exists (Wunderlich and Mirny, 2009; Burger et al., 2010).

A particular form of crosstalk between two functional modules is when gene expression changes upon anticipation of an upcoming environmental shift. For example, in Escherichia coli, an increase in temperature elicits response to low oxygen conditions, mimicking how these two environments are sequentially encountered by the bacterium in the mammalian gastrointestinal tract (Tagkopoulos et al., 2008). Such anticipatory regulation was also demonstrated to occur between sugars lactose and maltose (Mitchell et al., 2009). Anticipatory regulation is seen in yeast too. Recent studies have demonstrated that yeast anticipates exhaustion of a primary carbon source, and thus, switches to the secondary source in the environment, even before the primary source is exhausted (New et al., 2014; Wang et al., 2015; Venturelli et al., 2015). Thus, fine-tuning of regulatory crosstalk between modules, leading to exhibition of anticipatory regulation, is done in accordance with the precise ecological niche of an organism.

Anticipatory gene regulation, as a strategy, is widespread in pathogens (Brunke and Hube, 2014). In Mycobacterium, the different two-component systems (TCSs) in the bacterium are wired so that activation of one leads to partial activation of the downstream TCSs (Agrawal et al., 2015). In Salmonella, flagella is assembled prior to assembly of a Type 3 Secretion System (T3SS) (Saini et al., 2010), and regulatory elements in the flagellar cascade are known to activate the SPI1-encoded T3SS genes (Chubiz et al., 2010). Burkholderia, in response to high cell density, anticipates stationary phase stress and triggers anticipatory response (Goo et al., 2012). Fungal pathogens have been shown to elicit anticipatory response for protection against attack from the immune system of the host (Pradhan et al., 2020).

Thus, repeated, temporal exposure of environmental cues may have led to evolution of regulatory crosstalk between cellular modules. Despite significant evidence that anticipatory gene expression provides an adaptive advantage to an organism, little is known about how anticipatory regulation can evolve in a population.

In this work, we ask the following question: if a population is exposed to two environmental signals, S1 and S2, sequentially and repeatedly, under what conditions can anticipatory regulation evolve as an adaptive strategy? To answer this question, we use a simple mathematical model to represent exposure of a population to two temporal stimuli [signal1 (S1) and signal2 (S2)] and identify the network and physiological parameters, which maximize fitness in the given conditions. Based on the inputs from our modeling results, we evolve E. coli under alternating exposure to a pentose sugar rhamnose (S1) and an oxidative stress molecule, paraquat (PQ) (S2) (see Supplementary Material 1 for more details).

Repeated, alternating exposure to S1 and S2 for ∼850 generations, leads to evolution of anticipatory regulation, where prior exposure to rhamnose provides an adaptive benefit when the population is shifted to paraquat. This benefit is observed only in lines, which were exposed to alternating S1 and S2; and is only seen when these cells are pre-exposed to rhamnose. Gene expression experiments demonstrate that one of the possible mechanisms of this adaptive benefit is partial activation of soxS, upon exposure to rhamnose. Our study thus demonstrates that, in controlled laboratory environment, anticipatory gene regulation can evolve in a short timeframe of a few hundred generations. Genome sequencing of the evolved lines reveals that anticipatory regulation can evolve via distinct molecular pathways, often involving mutations in global regulators.



MATERIALS AND METHODS


Model System Description

Two regulatory modules and their possible interaction was studied as follows. A microorganism experiences an environmental signal S1. Upon sensing this signal, it modulates gene expression. As part of this response, a transcription factor R1 gets activated and triggers expression of a target protein T1. After time t1, S1 is replaced by another signal S2. In response to S2, the cell activates a transcription factor R2. The activated R2 then positively controls expression of the target protein T2, which confers an adaptive benefit in S2. The signal S2 persists for time t2 (Figure 1).
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FIGURE 1. Regulatory designs without (A) and with (B) anticipatory regulation. In the prevailing environment, signal s1 is present from [0, t1] and signal s2 is present from [t1, t2]. In the first design, activated regulator R1* controls expression of target protein T1, and R2* controls expression of T2. In the second regulatory design, R1*, in addition to controlling expression of T1, also partially/fully controls expression of target protein T2.


In the first regulatory design, activated R1 is responsible for response to S1 (controlling expression of T1 only), and activated R2 controls expression of T2. We call this design a no-anticipatory regulation design (Figure 1A). In such a setting, when allowed to propagate in alternating S1 and S2 for a long time, the population will evolve and enhance fitness. In our mathematical framework, we solve for parameter values, which maximize fitness for the regulatory topology in Figure 1A.

On the other hand, in the design with anticipatory regulation, expression of T2 is controlled by active R1 as well as active R2 (Figure 1B). We solve for the values of these biochemical interaction that maximize fitness in this regulatory design. In particular, we are interested in identification of parameter values such that the fitness conferred by design in Figure 1B exceeds that by design in Figure 1A.

The equations dictating the synthesis and degradation rate of proteins in the cell, upon sensing signal S1 or S2 can be written as below.
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and,
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is represented as:
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and
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The dynamics of target protein T2 is represented as described in Equation 5. R2* is the transcription factor responsible for expression of T2, Km2 is the Michaelis–Menten kinetic constant for T2 production, b2 is the maximum production rate of T2, and kd2 is the combined degradation and dilution rate of T2 in the cell (Alon, 2006). The parameters kf1 (kf2) and kr1 (kr2) represent the rate constant of association and disassociation between the regulator R1 (R2) and the signal s1 (s2), respectively. We assume that expression of R1 and R2 is not contingent on the presence or absence of signals (but their activation is).
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However, in the case when anticipatory regulation controls gene expression (Figure 1B), the dynamics of T2 in the cell can be quantified as:
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Where,
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for each transcription factor-DNA interaction, and b1 (b2) is the maximal strength of the T2 promoter when driven by the activated transcription factor R1 (R2). In this manner, given the biochemical parameters of a network, we can quantify the dynamics of protein expression in a cell.



Cost-Benefit Framework

From the time-course data of protein expression, we use a cost-benefit model to understand the cellular fitness, as a result of the gene expression dynamics (Dekel and Alon, 2005; Zaslaver et al., 2006b; Roselius et al., 2014; Fritz et al., 2019). In this formulation, the benefit conferred to the cell by the target protein T2 is given by the following expression:
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In addition, protein production is known to have a cost associated with it (Kafri et al., 2016). This cost is a linear function of the amount of protein being synthesized.
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The overall fitness of a cell is given by,
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Given a set of network topology and the biochemical parameters associated with it, this framework allows us to compute the benefit of production of T2 and track this quantity with time. In the context of this work, we compute the fitness conferred by T2 in the time window [t1, t2] and the total cost associated with synthesis of protein T2 in the window [t0, t2].



Solving for Optimal Fitness

We assume that the parameters associated with changing the regulatory patterns of gene expression (like, Km and b) are evolvable on a time scale faster than the time needed to change parameters associated with protein property (like, enzyme activity, degradation rate) (Babu et al., 2004; Wray, 2007; Wittkopp and Kalay, 2011; Rubinstein and de Souza, 2013). As a result, we let the parameters, which control regulation evolve, while keeping the others constant. Moreover, in our simulations, the value of each parameters is constrained by the thermodynamics associated with biological processes (Supplementary Material 2). The range chosen for each parameter represents the biologically permissible window in which they can take a value (Ozbudak et al., 2002; Rosenfeld et al., 2005, 2007; Mitrophanov and Groisman, 2008; Sneppen et al., 2010).

Given the above, we introduce “mutations” (change parameters) in the network and for each of the two regulatory designs (with and without anticipatory regulation, as defined above), find the parameter set which optimizes fitness. We are particularly interested in finding whether fitness is optimized via topology in Figures 1A or B.

All simulations were performed in Matlab 7.0.



Strain Used

Escherichia coli K12 MG1655 (ATCC 47076) (F– lambda–) was used in this study. The soxS mutant was generated using the primers 5′-CCCCAACAGATGAA TTAACGAACTGAACACTGAAA AGAGG GTGTAGGCTGG AGCTGCTTC-3′ and 5′-GAGCAATTACCCGCGCGGGAGT TAA CGCGCGGGCAATAAACATATGAATATCCTCCTTA-3′ from the parent strain, as per the method described by Datsenko and Wanner (2000).



Media and Reagents

M9 glycerol medium contained 0.2% glycerol unless otherwise stated. M9 salts, trace elements and casamino acids were prepared in concentrated stocks. Stock of a 5× M9 salts solution consisted of 64 g/L Na2HPO4.7H2O, 15 g/L KH2PO4, 2.5 g/L NaCl, and 5 g/L NH4Cl dissolved in Milli-Q filtered water. Casamino acids were prepared as 10× solution and were used at a final concentration of 0.05% (w/v) in the growth media. MgSO4 and CaCl2 were prepared at 1M stock solutions each. Stocks of rhamnose and paraquat was prepared at 20% and 5 mM, respectively, and sterilized by filtration through 0.22 μm filters.



Laboratory Evolution Experiment

Rhamnose (S1) and paraquat (S2) at a concentration of 0.2% and 40 μM, respectively, were used as the two stimuli. The evolution experiment was carried out in three replicate lines serially diluted 1:100 in alternating conditions of rhamnose and paraquat every 12 h, as described above. Control lines (in triplicate) were evolved in either 0.2% rhamnose only or 40 μM paraquat only. The control experiment were both the stimuli were added together did not grow beyond four dilutions, hence was dropped out of the experiment.

All cultures were grown at 37°C and 250 rpm. Sub-cultures in fresh media were done every 12 h (1:100) to ensure that cells did not enter stationary phase (Navarro Llorens et al., 2010). The evolution experiment was carried out for a total of 850 generations. Freezer stocks of intermediate time points were made in the experiment. Analysis of the stocks at 300 and 600 generations are presented in this work. Starting from the ancestor, three independent lines were evolved for each environmental condition.



Analysis of Evolved Lines for Anticipatory Regulation

All evolved lines and the ancestor were revived from freezer stocks into 2 ml LB and incubated for 12 h with shaking at 250 rpm at 37°C. The cultures were then sub-cultured 1:100 in 2 ml M9 medium, containing 0.2% glycerol as the carbon source, for 12 h. From each tube, cells were then sub-cultured 1:100 in 2 ml M9 glycerol media (a) with and (b) without 0.2% rhamnose, and allowed to grow for 12 h at 250 rpm at 37°C. After growth for 12 h, all lines were sub-cultured to the same initial OD (0.1) into 2 ml M9 glycerol with PQ (40 μM). A volume of 150 μL of these cultures were transferred to a 96-well clear flat-bottom microplate (Costar) in triplicates. The cultures were grown at 37°C in a microplate reader (Tecan Infinite M200 Pro), until they reached stationary phase. OD600 readings were taken every 30 min with 10 min of orbital shaking at 5 mm amplitude before the readings. A gas permeable Breathe-Easy (Sigma-Aldrich) sealing membrane was used to seal the 96-well plates. Growth rate (Malthusian parameter, r) was calculated from the time to reach an OD 1.0, assuming exponential growth in this duration. This growth rate is presented in the growth rates in Figures 4D, 5.
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FIGURE 2. (A) For intermediate values of the degradation rate kd for target protein, T2, conditioning is the optimal response. (B) For intermediate values of the degradation rate kd for target protein, T2, conditioning is the optimal response.
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FIGURE 3. Anticipatory regulation emerges as optimal solution as maximum benefit conferred by T2 increases. The shaded region in orange represents the range of the values of kd for protein T2, for which anticipatory regulation is the optimal regulatory design, at a given value of bmax.
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FIGURE 4. (A) Escherichia coli exhibits a growth defect in M9 glycerol media, when grown in the presence of 40 μM PQ. (B) Experimental plan for the rhamnose-PQ alternating evolution. Cells were exposed to rhamnose and then PQ for 6–7 generations for a total of 850 generations. (C) Anticipatory regulation evolves in rhamnose-PQ alternating lines. Cells from rhamnose-PQ evolved line (line Alt1) (left), rhamnose-only evolved line (line Rha1) (middle), and PQ-only evolved line (PQ1) (right) were grown in M9 minimal glycerol media with (blue) or without (red) rhamnose. The cells were transferred 1:100 to M9 glycerol media with 40 μM PQ, and their growth kinetics observed. (lines 1 from alternating rhamnose-PQ; only rhamnose; and only PQ.) (D) Anticipatory regulation provides a growth advantage in all rhamnose-PQ alternating evolved lines. Growth rates of the evolved lines in M9 glycerol media containing 40 μM PQ, when transferred from M9 glycerol media with (blue) or without (gray) 0.2% rhamnose. (***p-value < 0.01; **p-value < 0.02; *p-value < 0.15; two-tailed, paired t-test).
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FIGURE 5. Growth advantage because of evolution of anticipatory regulation takes place around and after 600 generations into the experiment. (A) Experimental design. Evolved lines were grown in M9 glycerol and M9 glycerol containing rhamnose separately. The two cultures were transferred to M9 media containing PQ, and growth kinetics monitored. Growth rate of lines 1 (blue), 2 (green), and 3 (red) in rhamnose-PQ alternating conditions (B), rhamnose-only (C), and PQ only (D). Solid and dashed lines represent growth rates of the lines, when transferred from M9 glycerol medium without or with rhamnose, respectively. (* represents p-value < 0.1; ** represents p-value < 0.0.1 in two-tailed, paired t-test).




Gene Expression Measurements

The evolved lines and wild-type were transformed with soxS-GFP, a plasmid-based promoter fusion from Thermo Scientific E. coli promoter collection (PEC3877) (Zaslaver et al., 2006a). For estimating the promoter activity, cells were revived from freezer stocks from the −80°C deep freezer into 2 ml LB containing 40 μg/ml Kanamycin and incubated for 12 h at 37°C. The saturated cultures were then sub-cultured 1:100 in 2 ml M9 glycerol medium for 12 h. All lines were then sub-cultured 1:100 into fresh M9 glycerol medium without/with 0.2% rhamnose and allowed to grow for 12 h at 37°C. After this period of growth, 150 μL of these cultures was transferred to a 96-well Black clear flat-bottom microplate (Costar) and Fluorescence (488/525 nm) and OD600 readings taken using a microplate reader.

For soxS-GFP expression in presence of paraquat, cells were transferred at a 1:100 dilution from M9 glycerol to M9 glycerol with/without 0.2% rhamnose. The culture were then allowed to grow for 12 h at 37°C. The resulting cultures were diluted to an initial OD600 of 0.1 in 2 ml M9 glycerol media with 40 μM PQ. A volume of 150 μL of these cultures were transferred to a 96-well Black clear flat-bottom microplate in triplicates. The cultures were grown at 37°C in a microplate reader, until they reached stationary phase. Fluorescence (488/525 nm) and OD600 readings were taken every 30 min with 10 min of orbital shaking at 5 mm amplitude before the readings. A gas permeable Breathe-Easy (Sigma-Aldrich) sealing membrane was used to seal the 96-well plates. In this assay, the cumulative promoter strength over a period of time is measured.

A two-tailed t-test was performed to compare two sets of data. The p-value corresponding to four degrees of freedom was obtained using the calculated t-statistic for each set.



Whole Genome Sequencing and Variant Calling


Sample Preparation and Sequencing

Genomic DNA of ancestral and evolved lines were isolated following standard zymolyase-based protocol using the kit from FAVORGEN Biotech Corporation. DNA concentrations and quality were measured using a Nano-spectrophotometer from Eppendorf and by gel electrophoresis. Samples were paired-end sequenced on an Illumina HiSeq, with an average read length of 150 bp. Each sample had a minimum coverage of 100×.



Mapping and Variant Calling

A cloud-based web interface system Galaxy1 was used to perform all sequence data analysis. Illumina paired-end reads were uploaded into the server. The quality of the reads was assessed using FastQC (Version 0.72) (Andrews, n. d.). The reads were mapped to E. coli str. K-12 substr. MG1655 genome (GCA_000005845.2) and variant calling was performed using the automated tool Snippy (Version 3.2) (Seemann, 2015), according to the recommendations for evaluating single nucleotide variant calling (Olson et al., 2015). Variants present in the ancestral strain were filtered out manually. Finally, all remaining indels and SNPs were verified using intensive manual curation.





RESULTS


Anticipatory Regulation Is an Adaptive Response for Intermediate Values of Degradation Rates of the Protein T2

We simulate the networks in Figures 1A,B for a set of parameter values, chosen from a window typically representing each biochemical interaction in a cell (Ozbudak et al., 2002; Rosenfeld et al., 2005, 2007; Suel et al., 2006; Mitrophanov and Groisman, 2008; Sneppen et al., 2010; Prajapat et al., 2016). For a given value of kd (degradation + dilution rate constant for protein T2), we find the regulatory design in Figure 1, which leads to a maximal fitness.

Maximal fitness is obtained via three distinct regulatory logics, depending on the degradation rate of the protein T2 (Figure 2A). These region corresponding to the three designs is as shown in the bands in Figures 2A,B (yellow, green, and blue). For small values of the kd of T2, the maximal fitness is achieved when control of T2 is entirely under the regulator R1. That is, R2 does not play any role in controlling expression of T2. This can be understood as follows. Expression of T2 by R1 leads to T2 production even before signal S2 is present in the environment. As a result, the T2 so produced does not confer any advantage to the cell. Thus, this preemptive production of T2 does not give any benefit to the cell, but does come at an additional cost associated with protein production in the cell. This cost, however, is offset by the enhanced T2 levels inside the cell (and consequently the benefit conferred to the cell), from the time when signal S2 is introduced to the system. When T2 is stable, the steady state T2 in the cell is high, and as a result, the fitness of the cell at the moment S2 is introduced to the system is also high.

At the other extreme, when the kd of T2 is high, the regulatory design that optimizes cellular fitness is one where control of expression of T2 is not by R1, but is instead entirely by R2. In such a context, the energetic cost of T2 production in the “futile” time-period [0, t1] prior to introduction of signal B, because of the high protein turnover, is high. In such a scenario, the cellular adaptive strategy is control of each target protein by its cognate regulatory partner.

However, at intermediate values of the protein T2 degradation rate constant, for maximal cellular fitness, both b1 and b2 are non-zero. This window of the values of the degradation rate constant of T2 represents the scenario where conditioning is the adaptive response in cellular functioning. Such a set up identifies conditions for a distributed regulatory design for control of gene expression (Saini et al., 2010). However, anticipatory regulation may or may not be accessible from a given starting point on the landscape (Blount et al., 2018; Brajesh et al., 2019; Fragata et al., 2019).

Changes in regulatory design can also be incorporated by changing the binding affinity of the transcription factor with the promoter region of the DNA. In the context of the model, we change the parameter k_on, which represents the affinity of the DNA for the transcription factor. Similar to the results obtained above, anticipatory regulation outperforms the regulatory design in Figure 1A for intermediate values of the degradation rate of protein T2, when we permit k_on to vary for protein T2 (Figure 2B).



Can Anticipatory Regulation Be Evolved in a Laboratory Set-up?

We use the model to text the conditions in which conditioning would be the optimum response (compared to non-conditioning response). When we scan the two parameter region defined by Emax (maximum benefit conferred by T2) and kd of protein T2, we note that as Emax increases, conditioning emerges as the optimal solution for an increasing window of the parameter range kd for protein T2 (Figure 3).

From these results, we predict that anticipatory regulation is most likely to evolve if the target protein confers a large fitness advantage to the cell. This is perhaps the single most important criteria for anticipatory regulation to emerge as an outcome of an evolutionary experiment. In other words, anticipatory regulation is more likely to be the optimal regulatory design when absence of T2 causes a significant fitness cost to the cell. Therefore, for experimental evolution of anticipatory regulation, we choose a cellular stress as S2.



Evolution of Anticipatory Regulation in Escherichia coli

From our modeling exercise, we note that the key parameter for evolution of anticipatory regulation is cost associated with not initiating a rapid response to signal S2. In view of these inputs, we chose a pair of environmental signals, which meet this criteria. We chose the pentose sugar rhamnose as signal S1 and an oxidative stress molecule, paraquat (PQ) as signal S2 (see Supplementary Material 1 for more details of the two systems). To the best of our knowledge, the two systems are not linked by any direct transcriptional regulation. A stress of 40 μM PQ induces a growth defect in E. coli (Figure 4A). Thus, any anticipated expression of the SoxRS regulon is likely to provide a large adaptive benefit to the individual. With this premise, we performed an evolutionary experiment where the cells were exposed to S1 and S2 alternatively for a total of about 850 generations (Figure 4B; see section “Materials and Methods”).

In such a context, anticipatory regulation can be said to have evolved when the following two conditions are met. First, after alternating exposure to rhamnose and PQ, pre-exposure to rhamnose confers a growth advantage when the cells are exposed to PQ. Second, that this advantage should only be present in the lines evolved in an environment of alternating rhamnose and PQ.

In Figure 4C, growth kinetics of one of the lines from the three experimental conditions are shown. Cells evolved in alternating rhamnose-PQ were pre-grown in (a) glycerol and (b) glycerol and rhamnose. The two cultures were transferred to a M9 glycerol media containing PQ, and the growth kinetics compared. As shown in Figure 4C, the cells pre-exposed to rhamnose exhibit a growth advantage in PQ environment. This advantage is absent in the lines evolved in rhamnose-only, or PQ-only. In Figure 4D, the growth rate for all three lines in each of the three environments is shown. Among all the lines, only rhamnose-PQ alternating evolved lines show a growth advantage, when pre-exposed to rhamnose. The relative amounts of the advantage vary between the three lines. As expected, the rhamnose-evolved lines show a considerably lower growth rate as compared to the PQ-evolved and the rhamnose-PQ alternating evolved lines.

To test the kinetics of the growth advantage during the course of our evolution experiment, two intermediate time-points (generation 300 and 600) in the evolutionary experiment were also checked for their growth rate. As shown in Figure 5, no growth advantage due to anticipatory regulation was observed at 300 generations. By 600 generations, anticipatory regulation was observed in two of the three rhamnose-PQ alternating lines. This trend was exaggerated by generations 850. The growth advantage, associated with a prior exposure to rhamnose, is not observed in rhamnose-only and PQ-only evolved lines. Interestingly, in two of the three rhamnose-evolved lines, fitness decreases in the PQ environment, indicating trade-off (Cooper and Lenski, 2000; Litchman et al., 2015; Ferenci, 2016).



Evolved Lines Lead to Faster Induction of SoxS

SoxS is one of the key proteins responsible for cellular oxidative stress response (Seo et al., 2015). To test if induction of SoxS differs in the evolved and ancestral lines, when the cells are exposed to rhamnose, we grew E. coli in M9 glycerol media in the absence and presence of 0.2% rhamnose. As shown in Figure 6, in all three lines evolved with alternating exposure to rhamnose and paraquat, soxS promoter is activated in presence of 0.2% rhamnose. This rhamnose-dependent activation of the soxS promoter is absent in the lines evolved in rhamnose only, or the lines evolved in paraquat only. In addition, rhamnose-dependent activation of the soxS promoter is absent in the ancestor strain.


[image: image]

FIGURE 6. Lines evolved with alternating exposure to rhamnose and paraquat (Alt1, Alt2, and Alt3) exhibit a higher expression from the soxS promoter after growth for 8 h in the presence of rhamnose. This rhamnose-dependent activation of the soxS promoter is absent in the ancestor (WT), in rhamnose-evolved lines (Rha1, Rha2, and Rha3), and in paraquat-evolved lines (PQ1, PQ2, and PQ3) (** indicates p-value < 0.002, * indicates p-value < 0.02, two-tailed, paired t-test).


When lines Alt1, Alt2, and Alt3 were transferred from M9 glycerol media with and without rhamnose to M9 glycerol media containing paraquat, cells transferred from environments with rhamnose exhibited a faster induction of the soxS promoter (Supplementary Material 3).

This data demonstrates that in the lines evolved in alternating rhamnose and paraquat, anticipatory regulation evolves. This anticipatory regulation leads to a growth phenotype. Our results here demonstrate that one of the manifestations of evolution of anticipatory regulation is partial induction of the soxS promoter, when cells are grown in rhamnose. This partial induction leads to a faster transition to the ON state, when cells transition to an environment containing paraquat.



Molecular Basis of Anticipatory Regulation

Mutations in the evolved lines were identified from the genome sequencing results. A complete list of the mutations in the evolved lines is in Supplementary Material 4. All three lines had SNPs in glpK. Glycerol kinase (GlpK) is involved in the utilization of the glycerol moiety of phospholipids and triglycerides after their breakdown into usable forms (Lin et al., 1962; Zwaig and Lin, 1966; Zwaig et al., 1970; Thorner and Paulus, 1973; Herring et al., 2006; Joyce et al., 2006). In several adaptive evolution experiments, growth on glycerol has led to mutations in glpK coding region (Honisch et al., 2004; Herring et al., 2006; Applebee et al., 2008, 2011; Cheng et al., 2014). Our studies report three novel glpK alleles, which improve growth rate in minimal media containing glycerol.

Additionally, each of the three lines acquired other mutations. Adenylate cyclase (encoded by cyaA) catalyzes synthesis of cyclic AMP (cAMP). Mutations in cyaA has also been reported to confer high hydrostatic pressure resistance and increased antibiotic resistance in E. coli (Nishino et al., 2008; Gayan et al., 2017). Moreover, because of cyclic AMP receptor protein (CRP)-cAMP complex has a global affect on gene regulation, the gene expression patterns in the cell in a cya mutant are qualitatively different, compared to the wild-type (Delaney, 1990). A mutation identified in one of the lines (Alt3) is a SNP in the RNA component of the small subunit (30S subunit) of the E. coli ribosome. The 16S rRNA is targeted by a number of antibiotic agents (Thompson and Hearst, 1983; Stern et al., 1989; Brimacombe, 1992; Schneider et al., 2003). As a result of this mutation, the proteome profile in the cell is known to be changed, affecting expression levels of more than a hundred proteins. Line Alt2 acquired a mutation in rpoS, which regulates transcription of a large number of genes related to sugar metabolism and polyamine metabolism in response to cellular stresses. It also has important roles in nucleic acid synthesis, modification, and turnover (Maciag et al., 2011); and response to oxidative stress (Soo and Wood, 2013). Polymorphisms in rpoS that affect fitness across different environments are commonly found in E. coli (Notley-McRobb et al., 2002; Zinser and Kolter, 2004; King et al., 2006).

Another class of mutations was identified in line Alt1. These include a mutation in potA, which impacts susceptibility to oxidative stresses (Tabor and Tabor, 1964; Abraham, 1968; Mitsui et al., 1984; Schuber, 1989; Chattopadhyay et al., 2003). Line Alt1 also acquired a mutation in TrkH, a potassium ion transporter (Dosch et al., 1991; Schlosser et al., 1995). A mutation in trkH is often associated with aminoglycoside resistance in bacteria (Lazar et al., 2013; Apjok et al., 2019). It also plays important roles in osmotic response, modulation of membrane potential, pH maintenance, and overall fitness in a variety of bacterial species (Castaneda-Garcia et al., 2011; Ochrombel et al., 2011; Quintero-Yanes et al., 2019).

Overall, while the mechanistic explanation for the observed anticipatory regulation, and the corresponding increase in fitness is difficult to understand fully from the sequencing results, our results demonstrate how small mutations in global regulators of a cell can bring about fine-tuning of gene expression which leads to changes in timing and strength of gene expression, contributing to cellular fitness.




DISCUSSION AND CONCLUSION

Ecological niches often have cyclical cues – e.g., temperature increase followed by decrease in oxygen availability upon ingestion; nutritional cues are spatial in nature in the small intestine. Presumably, repeated exposure to these cues leads to evolution of anticipatory regulation. However, the timeline, mechanisms via which anticipatory regulation evolves is not known. This work is a first attempt toward this question.

Repeated exposure to two cues (rhamnose and PQ) lead to evolution of anticipatory regulation. While the phenomenology is reported in our study, the mechanistic details of this phenomenon is not identified. Our future work is directed toward answering this question. Our results suggest the possibility that via mutations in global regulators, the gene expression pattern of the cell is changed so that prior exposure to rhamnose leads to a fitness advantage when cells are exposed to oxidative stress. Interestingly, this phenomenon is observed without mutations in the rhaSR region or the soxSR region of the E. coli genome. The precise mechanistic details of the rhamnose-dependent upregulation of soxS remains unknown. Several possibilities exist in this regard. Expression of rhamnose utilization genes could lead to a pleiotropic effect on gene expression, leading to partial expression of genes involved in tackling oxidative stress. Alternatively, change in global regulators (as indicated in the mutations in Supplementary Table 1), and an altered metabolic state (due to presence of rhamnose) leads to upregulation of soxS and presumably, its regulon. Gene regulation can also be incorporated via post-transcription, translation, and/or post-translation mechanisms, while our model only considers transcriptional rewiring. Post-transcriptional modes of regulation can, structurally, be added to the modeling details. However, since most biochemical parameters are unknown, the utility of inputs from these models will likely be limited. On the other hand, our model, albeit simple, predicts the effect that use of a stress as a signal leads to a greater chance of anticipatory regulation to evolve.

In this work, we present experimental evidence of evolution of anticipatory regulation in bacteria. We demonstrate that by evolving E. coli in alternating environments of rhamnose and PQ, anticipatory regulation evolves, where prior exposure to rhamnose enhances fitness of the population in PQ. In our experimental set-up this adaptation evolves in the time scale of a few hundred generations. Anticipatory regulation involves mutations in global regulators (like cya, rpoS, ribosomal subunit), which likely lead to large-scale changes in transcriptional and translational profile of the cell. Mutations which confer a direct fitness advantage in the evolved environment are also reported (e.g., all three lines have a SNP is glpK). A previous attempt to evolve anticipatory regulation in yeast was made by choice of two stresses as environmental cues. However, disentangling the effect of the two stresses made the analysis of such a system challenging (Dhar et al., 2013). Overall, our study demonstrates clearly, that anticipatory regulation of gene regulation can evolve in a few hundred generations. Understanding this largely unexplored mode of regulation can help us understand the arrangement of global regulatory patterns in bacteria.
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