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Abstract 

According to the current notion, in microorganisms, changes in cellular physiology occur 

primarily as a response to altered environmental conditions. Yet, recent studies have 

shown that changes in metabolic fluxes can also trigger phenotypic changes even when 

environmental conditions are unchanged. This suggests that cells have mechanisms in 

place to assess the magnitude of metabolic fluxes and use this information to regulate 

their physiology. In this review, examples of flux-dependent phenotypes are presented, 

and the potential underlying mechanism, key players, and advantages of flux-dependent 

regulation are discussed.  

  
                                                           
Author contributions: A.L., A.O., and M.H. conceived the study and wrote manuscript. A.L. and O.A. 
collected and analyzed data. E.W. performed the analysis on the variance of the metabolite 
concentrations. 
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Introduction 

Microorganisms are constantly confronted with changes in their environmental conditions, 

as for instance, in nutrient availability. To assure their survival, cells need to effectively 

assess the availability of nutrients and adjust accordingly their physiology. In many cases, 

cellular adaptation in response to environmental changes results from the direct 

assessment of the extracellular conditions, typically through two-component systems 

(Stock, Robinson and Goudreau, 2000). Nevertheless, recent studies have shown that 

microbial cells can display changes in their phenotype, such as in growth rate, gene 

expression, and metabolism, as a function of changes in metabolic fluxes, even when the 

extracellular conditions are kept constant (Schmidt‐Glenewinkel and Barkai, 2014; 

Schmidt, 2014; Elbing et al., 2004a; Elbing et al., 2004b).  

In this review, we present accumulating evidence of metabolic flux-dependent regulation 

of cell physiology in pro- and eukaryotic microorganisms, and propose a conceptual 

scheme on how such flux-dependent regulation might work. We review molecular 

mechanisms involved in flux-mediated regulation and provide hints for identification of 

putative flux-signaling metabolites. Finally, we elaborate on the relevance and 

advantages that flux-sensing and flux-dependent regulation may have for cells. 

 

Microorganisms display flux-dependent phenotypes 

Accumulating evidence suggests that microbial cells can display phenotypes which are 

imposed by intracellular metabolic fluxes, and not directly by extracellular conditions. One 

of the must studied parameter and crucial aspect of microbial physiology, which is 

controlled by intracellular fluxes, is the growth rate. For instance, the rate of glucose 

influx, modulated by different ratios of glucose and a non-metabolizable glucose 

analogue, was shown to determine the growth rate in E. coli (Hansen et al., 1975; 

Maisonneuve et al., 2013), and the same was also found for Saccharomyces cerevisiae 

when the rate of glucose uptake was controlled by differential expression of hexose 

transporters (HXT) (Schmidt‐Glenewinkel and Barkai, 2014) or with different HXT mutants 

(Elbing et al., 2004a) at constant external glucose conditions. By controlling the growth 
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rate, glucose influx can determine also other phenotypic traits that have been shown to 

exhibit a growth rate dependence, such as gene expression (Klumpp, Zhang and Hwa, 

2009; Scott et al., 2010; Klumpp and Hwa, 2014) and stress resistance (Berney et al., 

2006; Zakrzewska et al., 2011). 

Metabolic fluxes appear to also shape the metabolic mode of microbial cells (e.g. 

respiration and fermentation). S. cerevisiae cells switch from respiratory to fermentative 

metabolism in the presence of high levels of extracellular glucose, even in aerobic 

conditions; a phenomenon that is known as the Crabtree effect (Deken, 1966). Evidence 

suggests that this switch to fermentation is not determined by the quality or abundance of 

extracellular sugars, but rather by the sugar uptake flux (Huberts, Niebel and Heinemann, 

2012). In specific, through an extensive literature search, Huberts et al. found that under 

a vast range of experimental conditions, including different batch and chemostat cultures, 

media with different sugars, different wild-type and mutant S. cerevisiae strains, and even 

different yeast species, the switch to fermentation (as manifested by the onset of ethanol 

excretion) was realized only when a specific sugar uptake rate was exceeded. Beyond 

this threshold, the degree of fermentation (rate of ethanol production) was found to 

increase linearly with sugar uptake flux, and the respiration rate to decrease, arguing for 

an active metabolic flux rerouting, rather than a simple metabolic limitation in a certain 

pathway. This flux-dependent determination of the metabolic mode was observed even 

when the extracellular nutrient conditions were retained constant (Elbing et al., 2004a), 

but the glucose uptake rate was varied with hexose transporter variants. By modulating 

the expression of glucose and lactose transporters, and thus, controlling the respective 

uptake rates, a recent study provided evidence that the switch from respiration to 

fermentation is likely a flux-dependent decision also in E. coli (Basan et al., 2015). 

Furthermore, changes in metabolic flux can elicit changes in gene expression even at 

constant extracellular nutrient environments. A study performed at constant nutrient 

conditions in S. cerevisiae revealed that the induction of glycolytic gene expression 

correlates almost linearly with glycolytic flux, while gluconeogenic genes tend to follow a 

reverse trend (Elbing et al., 2004b). In another S. cerevisiae study, it was found that the 

levels of nearly half of ≈ 200 quantified metabolic proteins changed in a flux-dependent 
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manner, even at a constant extracellular nutrient environment (Schmidt, 2014). Finally, in 

a more recent study where the levels of ≈ 1000 E. coli proteins were measured under 

different conditions, it was found that more than half of these proteins exhibited a 

concentration that depended on the level of carbon influx and/or nitrogen assimilation, as 

inferred from the different growth rates achieved from titration of key transporters or 

enzymes, even when the extracellular nutrient environment was retained constant (Hui et 

al., 2015). Remarkably, nearly half of these proteins with altered levels were involved in 

metabolic processes. 

Apart from setting the growth rate, shaping the metabolic state, and dictating gene 

expression, metabolic fluxes can also govern decisions related to the acquisition of a 

specific cell fate. For example, by using different ratios of glucose and a non-

metabolizable glucose analogue (a-methylglucoside), it was demonstrated that the 

fraction of Escherichia coli cells that enter persistence, a state of no or slow-growth 

characterized by antibiotic tolerance, correlates inversely with the glucose uptake flux 

(Maisonneuve et al., 2013). This inverse correlation between persister formation and 

uptake flux was also found to hold for carbon sources other than glucose, such as 

acetate and fumarate (Kotte et al., 2014), and also in the absence of major genetic 

components which were previously thought to have an important role in persister 

formation (Radzikowski et al., 2016). Importantly, in the latter two studies the level of 

metabolic flux was controlled by orthogonal induction of the DctA fumarate transporter 

and not by altering the nutrient composition of the medium, showing that metabolic flux, 

independently of changes in extracellular nutrient conditions, can control whether 

microbes enter the dormant state of persistence, or rather invest on growth. 

 

How do cells measure and use fluxes for regulation? 

The evidence presented in the previous section illustrates that microbial cells display 

phenotypes which are controlled by metabolic flux. The important question that arises is 

how cells are capable of measuring a metabolic flux, i.e. a rate of molecule turnover? 

Huberts et al. (2012) have already made some considerations with regards to this issue. 



Metabolic-flux dependent regulation of microbial physiology 

13 

In specific, these authors argue that since a rate r is defined as the change in a quantity x 

between two time points t1 and t2, such a capacity for flux assessment would require the 

capability of cells to memorize two states [x(t1) and x(t2)], measure time, and perform 

mathematical operations that would allow them to estimate this rate, which is a rather 

unrealistic scenario. However, a rate could be estimated from a state x, if x shows a 

dependency on r, and the system f that generates this dependency is known. 

𝑟𝑟 = 𝑓𝑓(𝑥𝑥) 

Thus, in the presence of a system that translates flux (r) into a concentration of a 

biomolecule (x), cells can assess flux through measuring the concentration of x (where x 

could be a metabolite), and can use the concentration of x to exert flux-dependent 

regulation (Figure 1). Nonetheless, the concentration of a metabolite is determined by the 

combination of the rates of consuming and producing reactions, which are often subject 

to non-linear regulation, and thus, it does neither necessarily scale with flux (Zamboni, 

Saghatelian and Patti, 2015), nor necessarily changes when fluxes are altered (Hackett 

et al., 2016). Therefore, for the levels of a specific metabolite to correlate, ideally linearly, 

with metabolic flux, specific biochemical mechanisms need to be in place. 

An example of a metabolite that displays flux-dependent concentration is the glycolytic 

intermediate fructose 1,6-bisphosphate (FBP). FBP levels respond rapidly to 

perturbations of glycolysis (Schaub and Reuss, 2008), and its concentration was found to 

positively correlate with glycolytic flux across a range of flux levels, nutrient conditions, 

microbial species, and strains (Huberts, Niebel and Heinemann, 2012; Kochanowski et 

al., 2013; Christen and Sauer, 2011; Schmidt 2014; Chubukov et al., 2013; Heyland and 

Blank, 2009).  

The mechanism that imprints flux information into the level of FBP was unraveled through 

a combined experimental and modeling based analysis (Kochanowski et al., 2013). It was 

revealed that the glycolytic reactions from FBP-aldolase down to pyruvate kinase, and the 

feedforward activation from FBP onto pyruvate kinase accomplish this function, with the 

feedforward activation ensuring that the FBP concentration correlates linearly with the 

glycolytic flux even beyond the Km value of FBP-aldolase for FBP. It was also shown that 
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this mechanism to imprint flux information into the level of FBP is to a large extend 

independent of the levels of the involved enzymes, which is a key feature for reliable flux 

measurement.  

 

Figure 1. Schematic illustration of flux-based regulation. Metabolic fluxes control cellular processes, 
including metabolism itself, by influencing the concentration of key metabolites, which in turn 
interact with and control the activity of other cellular components. Middle box contains cellular 
processes and components that have been reported to be regulated by metabolites. 

The establishment of a relationship between a metabolic flux and the concentration of a 

specific metabolite is the first requisite for flux-dependent regulation. To accomplish such 

flux-dependent regulation, the flux-signaling metabolite needs to interact with other 

cellular components, transforming thus this flux-dependent change in its concentration to 

a change in cellular physiology. In E. coli, the flux-dependent regulation mediated by FBP 

is achieved, at least in part, through inhibition of Cra (Ramseier et al., 1993), a 

transcription factor that controls the expression of glycolytic and gluconeogenic genes 

(Ramseier, 1996; Shimada et al., 2005; Shimada, Yamamoto, and Ishihama, 2011), and 

whose activity was also demonstrated to be flux-dependent (Kochanowski et al., 2013). In 

B. subtilis, flux-dependent regulation via FBP could be possibly achieved through the 

inhibitory activity of the metabolite on CggR (Chubukov et al., 2013), a transcriptional 

repressor of genes in the central part of glycolysis in this species (Doan and Aymerich, 

2003; Zorrilla et al., 2007). Interestingly, the analogy between the function of Cra and 



Metabolic-flux dependent regulation of microbial physiology 

15 

CggR suggests that the role of FBP in flux-dependent regulation might be possibly 

conserved among microbes (Chubukov et al., 2013). 

Apart from orchestrating flux-dependent changes in gene expression through their 

interaction with transcription factors, flux-signaling metabolites can regulate cellular 

processes also by other means. For example, certain metabolites can influence gene 

expression due to their function as substrates or coenzymes in enzymes that perform 

epigenetic modifications (Lu and Thompson, 2012; Shi and Tu, 2013). Also, metabolites 

can exert control in gene expression both at the levels of transcription and translation 

through their binding to riboswitches (Winkler and Breaker, 2005). In fact, it was 

suggested that almost 50% of cis-acting regulatory RNA-based control of gene 

expression (>2% of all genes) in B. subtilis is exerted with metabolites acting as effectors 

(Winkler, 2005), and also, the targets of riboswitches are typically genes involved in 

metabolism (Winkler and Breaker, 2005; Nudler and Mironov, 2004; Serganov and 

Nudler, 2013). Faster responses that are not mediated through changes in gene 

expression can be elicited by metabolites through the allosteric control of protein activity 

(Eoh and Rhee, 2014; Wegner et al., 2015). Recent studies suggest that metabolites, as 

substrates or allosteric effectors of enzymes, account possibly for most of the regulation 

of metabolic fluxes (Hackett et al., 2016; Gerosa et al., 2015; Chubukov et al, 2013). In 

addition, approximately 20% of protein kinases in S. cerevisiae were found to bind to 

small molecules, and the biological relevance of a particular case was also verified 

experimentally, suggesting a role for metabolites also on the direct control of signaling 

pathways (Li et al., 2010). 

 

On the quest for flux-signaling metabolites 

Although several metabolites may exert control over cellular functions, identifying flux-

signaling metabolites is a challenging task. As it became apparent in the previous 

section, flux-signaling metabolites have to display two properties. First, their 

concentration should exhibit changes in response to metabolic flux changes, and second,  
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Figure 2. Identification of flux-signaling metabolites and metabolite-mediated regulatory crosstalk 
between different metabolic pathways. (A) From top to bottom, variance in concentration of 
metabolites across nutrient conditions (black dot indicates lack of data), number of unique 
metabolite-enzyme regulatory interactions, and number of unique metabolite interactions with 
proteins involved primarily in the regulation of gene expression. Abbreviations: G6P: glucose-
6phosphate; F6P: fructose-6-phosphate; FBP: fructose 1,6-bisphosphate; 3PG: glycerate 3-
phosphate; BPG: 1,3-bisphosphoglycerate; DHAP: dihydroxyacetone phosphate; G3P: 
glyceraldehyde 3 phosphate; 2PG: glycerate 2-phosphate; PEP: phosphoenol pyruvate; PYR: 
pyruvate; Cis-Aco: cis-aconitate; A-KG: α-ketoglutarate; SUC-CoA: succinyl-CoA; SUC: succinate; 
FUM: fumarate; MAL: malate; OAA: oxaloacetate; 6GPDL: 6-phosphogluconolactone; 6PG: 6-
phosphogluconate; RU5P: ribulose-5-phosphate; X5P: xylulose-5-phosphate; R5P: ribose-5-
phosphate; S7P: sedoheptulose-7-phosphate; E4P: erythrose-4-phosphate. For the estimation of 
the variance, a linear mixed effects model was fit on the metabolite concentrations, whereby the 
interest centered on how much the various metabolite concentrations varied across the various 
conditions, controlling for the state (dynamic/steady) and the various studies. For each metabolite, 
a random intercept was estimated across the conditions and the variance component associated 
with that random intercept expressed how much each metabolite varied across the conditions. A 
few metabolites (RU5P, X5P, S7P, Isocitrate) were only measured within one study and therefore 
did not need to be controlled for study and a few other metabolites (3PG, PYR, Citrate, Cis-Aco, 
SUC-CoA) were only measured within one state and did not require control for that variable either. 
For obtaining interactions between metabolites and regulatory proteins in Protein Data Bank, a 
search in the database was contacted using the name of each metabolite together with the word 
“transcription” as keywords, and the hits were manually examined. (B) Regulation of enzymes in a 
metabolic pathway from metabolites of a different metabolic pathway. The full length of each 
ideogram is proportional to the total number of enzymes in the pathway that were found to be 
regulated by metabolites in one of the other shown pathways (10, 10, and 1 enzymes for glycolysis, 
TCA, and PPP respectively). The ribbons indicate which fraction of these enzymes (end-point of 
ribbon) are regulated by metabolites of another pathway (ribbon color). For example, the yellow 
ribbon indicates that approximately one third of the metabolite-regulated enzymes in glycolysis, are 
regulated by TCA metabolites. 
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they should interact with and regulate other cellular components in order to translate the 

flux-information into a response. 

Here, we applied these two criteria on literature-based data, with the goal to identify 

candidate flux-signaling metabolites. To identify metabolites with varying concentration, 

we used quantitative metabolomics data from 3 microbes (E. coli, B. subtilus, and S. 
aureus), 7 studies, and 30 different nutrient regimes, obtained at steady-state or dynamic 

conditions (Liebeke et al., 2010; Buchholz et al., 2002; Timischl et al., 2008; Schaub and 

Reuss 2008; Bennett et al., 2009; Link, Kochanowski and Sauer, 2013; Chubukov and 

Sauer, 2014). We estimated the variance in the concentration of metabolites in glycolysis, 

the tricarboxylic acid (TCA) cycle, and the pentose phosphate pathway (PPP) across 

nutrient conditions, using a linear mixed effects model to account also for the effect of 

different studies or different states (steady or dynamic). Furthermore, we retrieved 

regulatory interactions between metabolites and enzymes (Supplementary Table 1) from 

MetaCyc (https://metacyc.org/, Caspi et al., 2016), as well as interactions between 

metabolites and proteins that hold a regulatory function, such as transcriptional and 

translational regulators (Supplementary Table 2), from the Protein Data Bank 

(www.rcsb.org, Berman et al., 2000) and RegulonDB (http://regulondb.ccg.unam.mx/, 

Gama-Castro et al., 2016).  

Then, on the basis of the variance analysis and the gathered metabolite-protein 

interaction data, we looked for metabolites that display, both, significant changes in their 

concentration among nutrient conditions, and thus, could possibly report changes in 

metabolic flux, and, which interact with enzymes and regulatory proteins, and thus, could 

exert flux-dependent regulation (Figure 2A). With this approach, we could identify the 

already established case of FBP as a flux-signaling metabolite (Kochanowski et al., 

2013), but also intermediates of the TCA cycle and the PPP, such as citrate, α-

ketoglutarate, and 6-phosphogluconate respectively, as potential flux-signaling 

metabolites. These metabolites where among those which displayed high concentration, 
control the activity of several enzymes, and/or interact with a number of different 

regulatory proteins. 

https://metacyc.org/
http://www.rcsb.org/
http://regulondb.ccg.unam.mx/
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Recent findings provided indications that citrate, one of the identified candidate flux-

signaling metabolites, could indeed exert flux-dependent regulation in yeast. In specific, it 

was demonstrated that citrate accumulates when the amount of nitrogen is limited, and 

that its concentration correlates well with the level of nitrogen limitation (Hackett et al., 

2016), suggesting that citrate could report on the level of nitrogen influx. Further, Hackett 

et al. (2016) found that citrate is an inhibitor of pyruvate kinase, and that in nitrogen-

limiting conditions, changes in pyruvate kinase flux were to be attributed primarily to 

changes in citrate concentration. This remarkable finding would suggest that citrate 

exerts control in the flux through glycolysis in response to changes in nitrogen influx, and 

interestingly, α-ketoglutarate, the other TCA metabolite that we identified as a potential 

flux-signaling metabolite, was also reported to coordinate glycolytic flux with nitrogen 

uptake but in E. coli (Doucette et al., 2011). This regulatory cross-talk between metabolic 

pathways – meaning flux-signaling metabolites from a certain pathway being involved in 

the regulation of flux in another pathway – might be crucial for the coordination of fluxes 

in central metabolism on the basis of the availability of essential nutrients. In fact, we 

found that nearly one third of the metabolite-regulated enzymes in glycolysis, are 

controlled by TCA metabolites vice versa (Figure 2B).       

Our analysis also suggested 6-phosphogluconate as a candidate flux-signaling 

metabolite. While we could not obtain any information about possible transcriptional 

targets of 6-phosphogluconate, this could be due to the fact that many such metabolite-

regulator interactions are likely yet to be uncovered. Nevertheless, the concentration of 6-

phosphogluconate was recently reported to correlate very well with phosphate availability 

in S. cerevisiae (Boer et al., 2010; Hackett et al., 2016) suggesting that 6-

phosphogluconate could possibly report on phosphate influx. 

Another metabolite that was not included in our literature-based analysis, since the latter 

was restricted on glycolytic, TCA, and PPP intermediates, but was previously 

characterized as a “global signal”, and thus, could serve as a flux-signaling candidate, is 

acetyl-phosphate (acetyl-P) (Wolfe, 2005). Acetyl-P is a high-energy phosphate 

compound that can be generated by acetyl-CoA and acetate, and which is involved in the 

regulation of a several important cellular processes in E. coli, ranging from biofilm 
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formation, to flagellar biogenesis and cell division (Wolfe, 2005). Interest on acetyl-P was 

renewed recently, after it was demonstrated that most acetylation in E. coli depends on 

acetyl-P levels (Weinert et al., 2013). Acetyl-P production requires either glucose or 

acetate catabolic flux (Weinert et al., 2013), but its levels are elevated during growth on 

carboxylic acids in comparison to glucose (Wolfe, 2005) and were predicted to correlate 

with extracellular acetate availability (Enjalbert et al., 2017). Therefore, although there is 

still no clear picture on how acetyl-P levels respond to changes in metabolism, its broad 

regulatory scope, together with the sensitivity of its concentration on nutrient conditions, 

render it a promising candidate for a flux-signaling metabolite.  

 

Unstable proteins as reporters of the global metabolic state 

In the previous section, we discussed the case of flux-sensing mediated by metabolites. 

While flux-signaling metabolites can report on flux levels on a specific pathway, important 

cellular decisions, as for example, the entry to cell division, possibly requires the 

concomitant assessment of the overall metabolic state of a cell. A reliable read-out of the 

overall metabolic status in microorganisms might be the rate of protein synthesis. This is 

because cells devote most of their biosynthetic capacity on making ribosomes, the 

number and the activity of which determines the overall rate of protein synthesis (Bremer 

and Dennis, 2008). Moreover, the production of the different amino acids which are used 

as building blocks for proteins requires the coordinated function of different pathways in 

central metabolism (Umbarger, 1978; Ljungdahl and Daignan-Fornier, 2012), and the 

incorporation of amino acids into proteins is by far the most expensive biosynthetic 

process in the cell (Russell and Cook, 1995). Thus, a high rate of protein synthesis 

possibly reflects a well-coordinated activity of central metabolism, with fluxes that are high 

enough to sustain a sufficient supply of building precursors (Hu, Yang and Ma, 2015) and 

high amounts of energy required for translation.  

For assessing their overall rate of protein synthesis, cells could monitor the concentration 

of constitutively expressed proteins which have a short half-life. Due to the constitutive 

expression and the rapid degradation, the concentration of such proteins would report on 
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the instantaneous rate of protein synthesis. In a study, in which the half-life of more than 

50 % of the S. cerevisiae proteome was determined, it was found that while most proteins 

have a half-life between 20 and 90 minutes, a considerable subset of proteins (161 

proteins, ≈3.5 % of all analyzed) was found to be very short-lived (<4 min) (Belle et al., 

2006). Proteins belonging to this short-lived fraction could likely report on the overall rate 

of protein synthesis. Interestingly, the same study revealed that the shorter-lived proteins 

were primarily involved in cell regulation (Belle et al., 2006), and thus, fulfilled also the 

second criterion of flux-signaling molecules. The budding yeast cyclin Cln3 is a 

remarkably short-lived protein (Cross and Blake, 1993; Tyers et al., 1992; Yaglom et al., 

1995) whose synthesis is thought to solely depend on the biosynthetic capacity of the cell 

(Schmoller et al., 2015). Because Cln3 is a potent activator of the cell division program in 

S. cerevisiae (Nash et al., 1988; Tyers, Tokiwa and Futcher, 1993), it is considered to 

transmit information about the overall rate of the proteins synthesis to the cell cycle 

machinery (Jorgensen and Tyers, 2004), therefore, coupling potentially the overall 

metabolic state of the cell to fate decision.  

 
Figure 3. Schematic illustration of flux-dependent regulation through unstable proteins. The 
concentration of constitutively expressed, highly unstable proteins, is due to their rapid degradation 
a reflection of the instantaneous rate of translation. Because the rate of translation reflects the 
coordinated activity of central carbon metabolism, constitutively expressed, unstable proteins could 
be exploited by cells for regulation based on their overall metabolic state.  

 

Why fluxes? 

Why should cells exert regulatory activity on the basis of metabolic flux, rather than, for 

example, solely on the basis of nutrient concentration? Microbial cells can grow on a 

large number of different carbon sources (potentially up to 180 for E. coli (Orth et al., 
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2011)), and therefore, sensing each one of them independently would require a huge 

level of genetic complexity, as well as a huge energy and precursor investment for the 

simultaneous expression of the respective sensors. In addition, it is unclear how the 

information gathered from different sensors would be integrated to yield a common 

response in the case of presence of multiple carbon sources. Instead, different nutrients 

can converge to few key flux-signaling metabolites, which can report for both the quantity 

and the quality of the available nutrient (on the basis for example of their uptake rate). 

Such a model of flux-based sensing of nutrients would suggest that cells do not activate a 

response that is tailored to a specific nutrient (since different nutrients converge to a few 

key metabolites), but rather a general one which is suitable for addressing a small range 

of different nutrient conditions. In fact, it appears that indeed cells display sub-optimal 

control of gene expression in response to environmental conditions (Kochanowski, Sauer 

and Chubukov, 2013), suggesting that they are prepared to face a range of 

environmental regimes, rather than a specific one.  

Further, flux-sensing and flux-dependent regulation can be integrated in global feedback 

loops. Such loops are excellent means to adjust metabolism in response to altered 

conditions. Changes in fluxes occurring passively due to altered nutrient conditions can 

be sensed by flux-signaling metabolites, which can induce subsequent adaptation to a 

new steady-state through allosteric regulation of enzymatic activity and changes in gene 

expression. The fact that the newly expressed enzymes can further modulate metabolic 

flux, generates a closed feedback loop that allows cells to achieve robust metabolic 

adaptation in a metabolism-autonomous way (Kotte, Zaugg and Heinemann, 2010). This 

is in accordance to recent findings which suggest that microbial metabolism is majorly 

self-sustained, with regulation occurring to significant extent by the function of 

metabolites as substrates and allosteric regulators (Hackett et al., 2016; Gerosa et al., 

2015; Kochanowski, Sauer and Noor, 2015; Link, Kochanowski and Sauer, 2013; 

Chubukov et al., 2013), but also by enzyme expression (Hackett et al., 2016), which as 

we noted above, can be as well controlled by metabolites. Such closed-loop regulation 

could also provide robustness to intrinsic noise, for example, by correcting for stochastic 

variation in gene expression.  
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In addition, apart from being economical and providing robustness, flux-sensing allows 

cells to determine their actual catalytic capacity. This ability can be crucial for undertaking 

important cellular decisions. For example, deciding to undergo cell division (an expensive 

process) not simply when nutrients are available, but only when they are also already 

being uptaken at a high rate, could reduce the risk of undertaking this decision, especially 

at natural environments where nutrient fluctuations can be frequent and dramatic. The 

finding that the entry to persistence or the pursuit of an actively growing state is majorly a 

flux-dependent decision, complies with such a scenario.   

 

Outlook 

The rapid and efficient adaptation to fluctuating environments is key for microbial fitness. 

It is now evident that in several cases, cells respond and adapt to changes in their 

environment not only by directly sensing the extracellular conditions, but also by sensing 

their intracellular metabolic fluxes. Understanding how metabolic fluxes are sensed and 

translated to cellular responses, and which critical metabolites or proteins facilitate these 

functions, will be crucial for generating a systems-level view of metabolic and generally 

physiological regulation, and therefore, for optimizing metabolic engineering, and even 

dealing with recurrent microbial infections.  

Yet, huge challenges exist. Studies suggest that we currently ignore most of existing 

metabolite-protein interactions (Li et al, 2010; Gallego et al, 2010), and likely the same is 

true for the interaction of metabolites with RNAs. Further, because metabolic fluxes 

comprise a system level property (Zamboni, Saghatelian and Patti, 2015), they are 

difficult to study and challenging to reliably measure. Establishing rigid correlations 

between flux levels and metabolite concentrations is the first step towards establishing 

flux-signaling metabolites. Nevertheless, confirming that changes in the levels of flux-

signaling metabolites are causal for specific cellular responses would require highly 

challenging perturbations.  

However, even just knowing such correlations between flux and metabolite levels opens 

possibilities for interesting applications, such as the in vivo assessment of metabolic 
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fluxes, if for example the concentration of the metabolite could be translated into a 

measurable output. Such biosensors, if established, could be instrumental tools in the 

biotech industry, and even the health sector. Engineering efficient cell factories for the 

production of chemicals or fuels involves redirection of metabolic fluxes (Nielsen, 2001), 

and thus, flux biosensors could be useful to streamline screening processes (Binder et 

al., 2012; Michener et al., 2012; Yang, 2013). In pharma industry, flux biosensors might 

be used for high throughput screening for metabolism-targeting drugs, and thus, 

accelerate the slow process of drug development (Cannon, 2015). 

 

Aim of the thesis 

The aim of this thesis was to investigate, using single cell technologies, how metabolic 

fluxes, and in specific, the flux through glycolysis and the overall rate of translation, affect 

cell cycle entry and progression in the unicellular eukaryote Saccharomyces cerevisiae. 

 

Outline of the thesis 

In this thesis, we initially discuss how metabolic fluxes shape the phenotype of 

microorganisms, presenting a conceptual model for flux-sensing and flux-dependent 

regulation, and providing guidelines for the identification of flux-signaling molecules 

(Chapter 1). Then, in Chapter 2, we combine molecular tools by which we can perturb the 

flux through glycolysis independently of the extracellular nutrient environment, together 

with a microfluidics setup for continuous single-cell monitoring, to show that the rate of 

glycolysis dictates whether S. cerevisiae cells enter the mitotic cycle or reside in 

quiescence. Thus, in this chapter, we demonstrate that the entry to or abstention from the 

cell cycle is a decision based on metabolic rates, rather than on extracellular nutrient 

concentration. In Chapter 3, by perturbing glycolysis through various means after the 

cells have committed to the mitotic cycle, we show that although a certain rate of 

glycolysis is essential for the commitment, cells that have entered the mitotic cycle can 

replicate their genome even in the absence of glucose or any other carbon source, and 
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thus, with minimum, if any, flux through glycolysis. However, we show also that despite 

the completion of DNA replication, bud formation is completely halted after START in the 

absence of glucose or, occasionally, even when the rate of glycolysis is artificially 

reduced in the presence of glucose, with cells entering a state of G2-arrest and 

prematurely recruiting the START-inhibitor Whi5 in the nucleus. Thus, this chapter 

demonstrates that DNA replication is after its initiation insensitive to nutrient availability, 

but similarly to START, bud formation requires a critical rate of glycolysis for its 

progression. Moreover, this chapter reports for the first time that the transcriptional 

inhibitor Whi5, whose nuclear localization is associated with G1 arrest, localizes in the 

nucleus also in G2-arrested cells. Finally, in Chapter 4, by following the dynamics of 

protein synthesis during the cell cycle, we show that cells exhibit a burst of protein 

translation at late G1, and thus, during the point of commitment to the mitotic cycle. After 

establishing a novel method for monitoring the dynamic expression of Cln3, we show that 

the translation rate and the concentration of this potent, and likely most upstream, 

activator of the mitotic cycle, also burst at late G1, providing thus a potential mechanism 

by which metabolic flux determines yeast cell fate commitment. Thus, apart from 

providing a molecular link by which metabolic flux can trigger the initiation of the cell 

division program, this chapter demonstrates, contrary to the long-standing notion, that 

Cln3 is a cyclin that cycles. In Chapter 5, we provide an outlook on these findings, and on 

their basis, we suggest future research lines.  
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Supplementary tables 

Supplementary Table 1. List of regulatory interactions of metabolites with enzymes obtained from 
MetaCyc 

Metabolite Enzyme Uniprot ID Interaction effect 
G6P Glucokinase Q8DVE8 Inhibition 
G6P Glycogen phosphorylase P06738 Inhibition 
G6P Isopenicillin N synthase P27744 Inhibition 
G6P Malate dehydrogenase P76251 Activation 
G6P Sucrose phosphate 

phosphatase/synthase 
Q1GY13 Inhibition 

F6P 6-phosphofructokinase P0A796 / 
P06999 

Activation 

F6P Glutamine synthetase adenylyltransferase P30870 Inhibition 
F6P Isocitrate dehydrogenase kinase P11071 Inhibition 
F6P Mannitol-1-phosphate 5-dehydrogenase Q02418 Inhibition 
F6P N-acetylglucosamine-6-phosphate 

deacetylase 
Q8XAC3 Inhibition 

F6P NAD+-dependent glyceraldehyde-3-
phosphate dehydrogenase 

O57693 Activation 

F6P Trehalose-6-phosphate phosphatase P31688 Inhibition 
F6P Trehalose-6-phosphate synthase Q00764 Activation 
FBP 1-phosphofructokinase P0AEW9 Inhibition 
FBP 6-phosphofructokinase P0A796 Inhibition 
FBP 6-phosphogluconate dehydrogenase - Inhibition 
FBP 6-phosphogluconate dehydrogenase 

(decarboxylating) 
P00350 Inhibition 

FBP Glucose-1-phosphate adenylyltransferase P0A6V1 Activation 
FBP Glutamine synthetase adenylyltransferase P30870 Inhibition 
FBP Glycerol 3-phosphate dehydrogenase Q00055 Inhibition 
FBP Glycerol kinase P0A6F3 Inhibition 
FBP L-lactate dehydrogenase P00343 Activation 
FBP Methylglyoxal oxidase - Activation 
FBP NAD+-dependent glyceraldehyde-3-

phosphate dehydrogenase 
Q8DVV3 Inhibition 

FBP Phosphoenolpyruvate carboxylase P00864 Activation 
FBP Phosphoglucose isomerase P83194 Inhibition 
FBP Pyruvate kinase A3CM70 Activation 
FBP Quinolinate phosphoribosyltransferase 

(decarboxylating) 
P30011 Inhibition 

FBP Sucrose phosphate 
phosphatase/synthase 

Q1GY13 Activation 

3PG ADP-glucose pyrophosphorylase A8HS14 Activation 
3PG Glutamine synthetase adenylyltransferase P30870 Inhibition 
3PG Glycerol-3-phosphate dehydrogenase, 

aerobic 
P13035 Inhibition 

3PG Isocitrate dehydrogenase 
phosphatase/kinase 

P11071 Activation (phosphatase) / 
Inhibition (kinase) 

3PG Isocitrate lyase P0A9G6 Inhibition 
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Metabolite Enzyme Uniprot ID Interaction effect 
3PG Methylglyoxal synthase P0A731 Inhibition 
3PG Phosphoglycerate kinase P0A799 Activation 
3PG α-ketoglutarate reductase P0A9T0 Inhibition 
DHAP Glycerol-3-phosphate dehydrogenase, 

aerobic 
P13035 Inhibition 

DHAP L-lactate dehydrogenase P00343 Inhibition 
DHAP Methylglyoxal synthase P0A731 Activation 
DHAP Pyruvate formate-lyase Q59934 Inhibition 
G3P Glyceraldehyde-3-phosphate 

dehydrogenase 
P17721 Inhibition 

G3P Glycerol-3-phosphate dehydrogenase, 
aerobic 

P13035 Inhibition 

G3P Pyruvate formate-lyase Q59934 Inhibition 
2PG 2-dehydro-3-deoxyphosphoheptonate 

aldolase 
P00887 / 
P00888 / 
P0AB91 

Inhibition 

2PG Glycerol-3-phosphate dehydrogenase, 
aerobic 

P13035 Inhibition 

PEP 3-phosphonopyruvate hydrolase Q84G06 Inhibition 
PEP 3-phosphoshikimate-1-

carboxyvinyltransferase 
P0A6D3 Activation 

PEP 6-phosphofructokinase P0A796 Inhibition 
PEP Fructose bisphosphate aldolase P0A991 Activation 
PEP Fructose-1,6-bisphosphatase I P0A993 Activation / Inhibition 
PEP Fructose-1,6-bisphosphatase II P0A9C9 Activation 
PEP Glucokinase P0A6V8 Inhibition 
PEP Glutamine synthetase adenylyltransferase P30870 Inhibition 
PEP Glycerol-3-phosphate dehydrogenase, 

aerobic 
P13035 Inhibition 

PEP Isocitrate dehydrogenase P08200 Inhibition 
PEP Isocitrate dehydrogenase 

phosphatase/kinase 
P11071 Activation (phosphatase) / 

Inhibition (kinase) 
PEP Isocitrate lyase P0A9G6 Inhibition 
PEP Malate synthase P0A5J4 Inhibition 
PEP Methylglyoxal synthase P0A731 Inhibition 
PEP NAD+-dependent glyceraldehyde-3-

phosphate dehydrogenase 
Q8DVV3 Inhibition 

PEP Phosphate acetyltransferase P0A9M8 Activation / Inhibition 
PEP Phosphoenolpyruvate carboxykinase 

(ATP) 
P22259 Inhibition 

PEP Phosphoenolpyruvate synthetase P23538 Inhibition 
PEP Phosphoglucose isomerase P0A6T1 Inhibition 
PEP Pyruvate kinase G4RLR3 Activation 
PYR 2,4-diaminopentanoate dehydrogenase C1FW05 Inhibition 
PYR 3-methyl-2-oxobutanoate 

hydroxymethyltransferase 
P31057 Inhibition 

PYR 3-phosphoshikimate-1-
carboxyvinyltransferase 

P0A6D3 Inhibition 

PYR Acetylpyruvate hydrolase P23234 Inhibition 
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Metabolite Enzyme Uniprot ID Interaction effect 
PYR Cysteine sulfinate desulfinase Q46925 Activation 
PYR D-lactate dehydrogenase P06149 Activation 
PYR Indolepyruvate decarboxylase P23234 Inhibition 
PYR Isocitrate dehydrogenase 

phosphatase/kinase 
P11071 Activation (phosphatase) / 

Inhibition (kinase) 
PYR Isopenicillin N synthase P27744 Inhibition 
PYR Malate synthase G P37330 Inhibition 
PYR N-acetyl-β-neuraminate lyase P0A6L4 Inhibition 
PYR Phosphate acetyltransferase P0A9M8 Activation / Inhibition 
PYR Proline dehydrogenase P09546 Inhibition 
PYR Pyruvate dehydrogenase - Inhibition 
PYR Threonine dehydratase P0AGF6 Inhibition 
PYR Δ1-pyrroline-4-hydroxy-2-carboxylate 

deaminase 
Q88NF4 Inhibition 

Citrate 2-methyleneglutarate mutase Q59268 Inhibition 
Citrate Aspartate ammonia-lyase P0AC38 Inhibition 
Citrate Chorismate mutase/prephenate 

dehydratase 
P0A9J8 Inhibition 

Citrate Enolase Q8U477 Inhibition 
Citrate Fructose-1,6-bisphosphate aldolase P58315 / 

P58314 
Activation 

Citrate Fumarase C P05042 Inhibition 
Citrate Galactarate dehydratase P39829 Inhibition 
Citrate Glutamate dehydrogenase - Inhibition 
Citrate Glutamine synthetase adenylyltransferase P30870 Inhibition 
Citrate Isocitrate dehydrogenase kinase P11071 Inhibition 
Citrate Trehalose-6-phosphate phosphatase A0R529 Inhibition 
Cis-Aco Chorismate mutase/prephenate 

dehydratase 
P0A9J8 Inhibition 

Cis-Aco Isocitrate lyase P0A9G6 Inhibition 
Isocitrate Isocitrate dehydrogenase phosphatase P11071 Activation (phosphatase) / 

Inhibition (kinase) 
A-KG 3,4-dihydroxyphenylalanine oxidative 

deaminase 
- Inhibition 

A-KG Citrate synthase P0ABH7 Inhibition 
A-KG Deacetoxycephalosporin C hydroxylase P42220 Cofactor or prosthetic 

group 
A-KG Deacetoxycephalosporin C synthase P18548 Cofactor or prosthetic 

group 
A-KG Deacetoxycephalosporin C synthase / 

deacetoxycephalosporin C hydroxylase 
P11935 Cofactor or prosthetic 

group 
A-KG Glutamate dehydrogenase (NAD-

dependent) 
P29051 Inhibition 

A-KG Glutamine synthetase deadenylase 
(glutamine synthetase 
adenylyltransferase) 

P30870 Activation / Inhibition 

A-KG Indolepyruvate decarboxylase P23234 Inhibition 
A-KG Isocitrate dehydrogenase 

phosphatase/kinase 
P11071 Activation (phosphatase) / 

Inhibition (kinase) 
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Metabolite Enzyme Uniprot ID Interaction effect 
A-KG Isocitrate lyase P0A9G6 Inhibition 
A-KG Methylglutamate dehydrogenase - Inhibition 
A-KG N-acetylornithine aminotransferase / N-

succinyldiaminopimelate 
aminotransferase 

P18335 Inhibition 

A-KG NADP-dependent isocitrate 
dehydrogenase 

P41939 / 
P21954 

Inhibition 

A-KG Phosphoenolpyruvate synthetase P23538 Inhibition 
A-KG Pyruvate carboxylase O27939 / 

O27179 
Inhibition 

A-KG α-ketoglutarate reductase (D-3-
phosphoglycerate dehydrogenase) 

P0A9T0 Inhibition 

SUC-CoA Acetyl CoA carboxylase Q877I5 / 
Q877I3 

Inhibition 

SUC-CoA Propionyl CoA carboxylase Q8J2Z3 Inhibition 
SUC-CoA Pyruvate kinase P0AD61 Inhibition 
SUC 2-methyleneglutarate mutase Q59268 Inhibition 
SUC 3-dehydroquinate dehydratase P05194 Inhibition 
SUC Aspartate transcarbamylase P0A786 Inhibition 
SUC Glutamate decarboxylase A P69908 Inhibition 
SUC Glutamate decarboxylase B P69910 Inhibition 
SUC Glutamate dehydrogenase (NAD-

dependent) 
P29051 Inhibition 

SUC Glutamate dehydrogenase (NADP-
dependent) 

Q5MBG2 Inhibition 

SUC Isocitrate lyase P0A9G6 Inhibition 
SUC Urocanase P25080 Inhibition 
FUM Glutamate decarboxylase A P69908 Inhibition 
FUM Glutamate decarboxylase B P69910 Inhibition 
FUM Glutamate dehydrogenase (NAD-

dependent) 
P29051 Inhibition 

FUM Malate dehydrogenase P61889 Inhibition 
FUM Urocanase P25080 Inhibition 
MAL 2-methyleneglutarate mutase Q59268 Inhibition 
MAL Glutamate dehydrogenase (NAD-

dependent) 
P29051 Inhibition 

MAL Glutamine synthetase adenylyltransferase P30870 Inhibition 
MAL Isocitrate lyase P9WKK7 Inhibition 
MAL L-lactate dehydrogenase P00175 Inhibition 
MAL Malate dehydrogenase, NAD-requiring P76251 Inhibition 
MAL Malate synthase P0A5J4 Inhibition 
MAL Phosphoenolpyruvate carboxylase P00864 Inhibition 
OAA 2-oxoglutarate decarboxylase P0AFG3 Inhibition 
OAA 4-carboxy-4-hydroxy-2-oxoadipate 

aldolase 
Q88JX9 Inhibition 

OAA 4-oxalocitramalate aldolase Q9AQI0 / 
Q8RQW0 

Inhibition 

OAA 4-oxalocrotonate tautomerase A0A0J6C0
J4 

Inhibition 
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Metabolite Enzyme Uniprot ID Interaction effect 
OAA Acetylpyruvate hydrolase - Inhibition 
OAA ATP-citrate lyase Q9AJC4 / 

Q9AQH6 
Inhibition 

OAA Citrate lyase P0A9I1 / 
P77390 / 
P75726 / 
P0A6G5 

Inhibition 

OAA Fumarate reductase P00363 / 
P0AC47 / 
P0A8Q0 / 
P0A8Q3 

Inhibition 

OAA Glutamate dehydrogenase - Inhibition 
OAA Glutamate dehydrogenase (NAD-

dependent) 
P29051 Inhibition 

OAA Glutamine synthetase adenylyltransferase P30870 Inhibition 
OAA Isocitrate dehydrogenase P08200 / 

Q8L0X8 
Inhibition 

OAA Isocitrate dehydrogenase 
phosphatase/kinase 

P11071 Activation (phosphatase) / 
Inhibition (kinase) 

OAA Malate dehydrogenase P61889 Inhibition 
OAA Malate dehydrogenase, NAD-requiring P26616 Inhibition 
OAA Phosphoenolpyruvate synthetase P23538 Inhibition 
6PG 2-keto-3-deoxygluconate 6-phosphate 

aldolase 
P0A955 Inhibition 

6PG L-lactate dehydrogenase P00343 Inhibition 
6PG Phosphoglucose isomerase P0A6T1 Inhibition 
RU5P 6-phosphogluconate dehydrogenase 

(decarboxylating) 
P00350 Inhibition 

RU5P Glucose-6-phosphate dehydrogenase Q9L9P7 Inhibition 
R5P 3-deoxy-D-manno-octulosonate 8-

phosphate synthase 
P0A715 Inhibition 

R5P NAD+-dependent glyceraldehyde-3-
phosphate dehydrogenase 

O57693 Activation 

S7P NADP-dependent glyceraldehyde-3-
phosphate dehydrogenase 

Q59931 Inhibition 

DE4P 6-phosphogluconate dehydrogenase - Inhibition 
DE4P NADP-dependent glyceraldehyde-3-

phosphate dehydrogenase 
Q59931 Inhibition 
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Supplementary Table 2. List of interactions of metabolites with regulatory proteins obtained from 
Protein Data Bank and RegulonDB 

Metabolite Protein Uniprot ID Protein function 
G6P CggR O32253 Regulation of transcription 
G6P ccpA P46828 Regulation of transcription 
F6P CggR O32253 Regulation of transcription 
FBP CggR O32253 Regulation of transcription 
FBP ccpA P46828 Regulation of transcription 
FBP Cra P0ACP1 Regulation of transcription 
DHAP CggR O32253 Regulation of transcription 
G3P CggR O32253 Regulation of transcription 
PYR Acetate operon repressor (IclR) P16528 Regulation of transcription 
PYR PdhR DNA-binding transcriptional 

dual regulator 
C3TQB7 Regulation of transcription 

PYR traJ A0A0F6AW83 Regulation of transcription 
Citrate AcnR Q8NQ97 Regulation of transcription 
Citrate Cyclin-dependent kinases 

regulatory subunit 
P20486 Regulation of CDK activity 

Citrate Ferric uptake regulation protein 
(Fur) 

O25671 Regulation of transcription 

Citrate glycerol uptake operon 
antiterminator-related protein 

Q9X1F0 Regulation of transcription 

Citrate Helix-turn-helix motif Q82UW4 Regulation of transcription 
(putative) 

Citrate Multidrug-efflux transporter 1 
regulator 

P39075 Regulation of transcription 

Citrate Nitrogen regulatory protein P-II P0A3F4 Regulation of transcription; 
Regulation of enzyme 
activity 

Citrate Putative GntR-family 
transcriptional regulator 

A0A0H3LYW6 Regulation of transcription 

Citrate Putative nickel-responsive 
regulator 

O25896 Regulation of transcription 

Citrate Response regulator protein Q3JXA5 Response regulator 
Citrate SNF1-like protein kinase ssp2 P78789 Protein kinase activity 
Citrate Stringent starvation protein A Q7CL96 Regulation of transcription 
Citrate TM_1436 Q9X1F0 Regulation of transcription 
Citrate Transcriptional regulator mntR P54512 Regulation of transcription 
Citrate XPD/Rad3 related DNA helicase Q4JC68 DNA helicase activity 
Citrate Ribosomal protein L4 P38516 Regulation of transcription; 

Regulation of translation 
(ribosomal subunit) 

A-KG 50S ribosomal protein L16 
arginine hydroxylase 

P27431 Regulation of translation 

A-KG Global nitrogen regulator P29283 Regulation of transcription 
A-KG Hypothetical nitrogen regulatory 

PII-like protien MJ0059 
Q60381 Regulation of transcription 

(putative); Regulation of 
translation (putative) 

A-KG Nitrogen regulatory protein P-II P0A3F4 Regulation of transcription; 
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(glnB) Regulation of enzyme 
activity 

A-KG Nitrogen regulatory protein P-II 
(GlnB-3) 

O28524 Regulation of transcription; 
Regulation of enzyme 
activity 

A-KG PII-like protein Pz P70731 Regulation of transcription; 
Regulation of enzyme 
activity 

SUC 50S ribosomal protein L16 
arginine hydroxylase 

P27431 Regulation of translation 

SUC traJ A0A0F6AW83 Regulation of transcription 
SUC Transcription elongation factor 

SPT6 
Q6FLB1 Regulation of transcription 

MAL ESX-1 secretion-associated 
regulator EspR 

P9WJB7 Regulation of transcription 
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