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HIGHLIGHTS 

• Cells of clonal microbial populations can vary in metabolite levels and metabolic 
fluxes. 

• Ecological factors, inherent dynamics and molecular noise cause metabolic 
heterogeneity. 

• Noise in the expression of a single gene can affect a cell’s metabolism and growth 
rate. 

• Single-cell methods can quantify the levels of metabolites and biomass 
components. 

 

ABSTRACT 
In the past decades, numerous instances of phenotypic diversity were observed in 
clonal microbial populations, particularly, on the gene expression level. Much less is, 
however, known about phenotypic differences that occur on the level of metabolism. 
This is likely explained by the fact that experimental tools probing metabolism of 
single cells are still at an early stage of development. Here, we review recent exciting 
discoveries that point out different causes for metabolic heterogeneity within clonal 
microbial populations. These causes range from ecological factors and cell-inherent 
dynamics in constant environments to molecular noise in gene expression that 
propagates into metabolism. Furthermore, we provide an overview of current 
methods to quantify the levels of metabolites and biomass components in single cells. 
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INTRODUCTION 
In the last two decades, we have obtained ample evidence that cellular phenotypes are 
determined not only by the genotype and environment, but can be influenced also by 
stochastic effects. These stochastic effects arise from Brownian motion of low copy 
number biomolecules involved in gene expression. A range of studies has shown how 
the stochasticity in gene expression can lead to these different phenotypes, 
specifically, in terms of transcript and protein levels [1–3]. 

In contrast, likely due to the lack of experimental tools to probe metabolism in single 
cells, still relatively little is known how the molecular noise on the gene expression 
level propagates into metabolism. Recent evidence, nevertheless, suggests that clonal 
microbial cells can display significant diversity in their metabolism, with the extreme 
case of subpopulations having distinctly different activities of metabolic pathways [4–
6]. Furthermore, recent discoveries show that even under constant conditions 
metabolism of microbes is not static, but changes over time, for instance, along the 
cell division cycle [7] and with ageing [8,9]. The variability of metabolism within clonal 
populations can pose challenges in eradicating pathogenic microbes, as individual cells 
can exhibit different degrees of antibiotic tolerance [5]. In the same way, the presence 
of metabolically low-performing variants may compromise the efficiency of 
biotechnological processes in industry [10]. 

In this review, we gather evidence for metabolic heterogeneity observed in clonal 
microbial populations. We show recent examples where metabolic heterogeneity 
arises from ecological factors, cell-inherent dynamics and stochastic effects (Figure 1). 
Novel experimental tools probing metabolism in single cells are necessary to further 
uncover metabolic differences within microbial populations and to ultimately 
understand how such heterogeneity occurs. Thus, we also review the latest 
developments of respective tools (Table 1) and highlight insights on metabolic 
differences that have been discovered using these methods. 

METABOLIC HETEROGENEITY ARISING FROM THE INFLUENCE 
OF ECOLOGICAL FACTORS 
It is well accepted that environmental factors can cause metabolic heterogeneity. Still, 
recent work has added new insights into what such ecological factors can be and how 
they can influence cellular metabolism. Remarkably, it has recently been found that 
surface immobilization of yeast cells upregulates genes of glycolysis and cell wall 
biogenesis, as well as accelerates ethanol production and induces glycogen 
accumulation. Contrary to yeast in planktonic state, the immobilized cells rapidly 
cease dividing and preserve viability for more than two weeks [11].  

Another common ecological factor that can stimulate metabolic diversification is 
provided by intercellular interaction among the very cells in the population [12]. For 
instance, within a yeast colony, cells have been found to cooperate by producing 
different anabolic precursors and eventually exchanging them [13]. Such metabolic 
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specialization of individual cells has been shown to determine their ability to cope 
with stress [14]. Interestingly, complex behavior can emerge from such intercellular 
interaction. Cells in the periphery of a Bacillus subtilis biofilm are known to starve the 
interior cells [15]. The latter, in turn, communicate their demand for food using 
specific metabolites [15] and even electrical signaling [16]. These intercellular 
interactions have been found to result in periodic cessation of growth of the 
peripheral cells and nutrient flow into the interior [15]. To efficiently exploit scarce 
nutrients, even two neighboring biofilms of B. subtilis have been found to couple their 
metabolism via the electrical communication and to undergo anti-phase growth 
oscillations [17]. Thus, ecological factors, such as surface attachment and intercellular 
interactions, which are present even under strictly controlled experimental conditions, 
may lead to metabolic heterogeneity. 

 

 
Figure 1. Sources of metabolic heterogeneity in microbial populations. Ecological factors. 
Environmental factors, such as surface and intercellular communications, can affect individual 
cells differently and, therefore, stimulate their metabolic divergence. Inherent dynamics. In a 
microbial population, single cells usually lack synchrony in cell division cycle and ageing. 
Consequently, at a given moment of time, the cells are in various phases of corresponding 
metabolic changes. Molecular noise. Fluctuations in gene expression can generate variability of 
enzyme levels and metabolic fluxes, including growth rates, among single cells. Together with 
particular feedback circuits, such heterogeneity may lead to multi-stability of metabolism, for 
instance, upon shifts in nutrient conditions. 
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METABOLIC HETEROGENEITY ARISING FROM CELL-INHERENT 
DYNAMICS 
Experiencing identical environmental factors, two cells can still differ in their 
metabolism, for instance, due to cell-inherent dynamics. One type of such dynamics is 
associated with the cell division cycle. Recently, it has been shown in single yeast cells 
that oscillations in NAD(P)H and ATP levels occur in synchrony with the cell cycle 
but are autonomous from it [7]. Transcriptomics and ribosome profiling experiments 
on synchronized populations suggest that the cells periodically foster biomass 
production along the cell cycle. Particularly, mitochondrial and ribosomal biogenesis 
genes are found upregulated in G1, the same happens for lipid biosynthesis genes in 
G2/M [18]. Thus, eukaryotic microbes have oscillations in the levels of metabolites, 
and potentially also in the biosynthesis of biomass components. 

This likely extends to prokaryotes as well. For example, in Caulobacter crescentus the 
level of cyclic di-GMP has been found to oscillate and to control the cell cycle [19]. 
Similarly, recent dynamic single-cell measurements of NAD(P)H levels in Escherichia 
coli have shown that also this metabolite oscillates along the cell cycle [20]. Likewise, 
the earlier reported non-Gaussian distribution of ATP levels across single cells [21] 
could possibly have its origin in a cell cycle dynamics. Furthermore, precise 
measurements of cell size and signals from fluorescent proteins in E. coli have 
suggested that the rate of protein biosynthesis has substantial cell cycle dependence 
[22]. Thus, there is emerging evidence that prokaryotic microbes also experience 
metabolic changes during their cell division cycle.  

Under constant environments, cellular ageing represents another temporal change of 
metabolic phenotype and hence is an additional cause for metabolic heterogeneity. 
Budding yeast ages with every division (replicative ageing), and older cells show 
increased levels of pyruvate and TCA cycle intermediates and decreased levels of 
amino acids [8]. Furthermore, it has been found in replicatively ageing yeast that 
proteins involved in translation become more abundant relative to their transcripts, 
which suggests that biosynthetic activities change as cells age. Moreover, features of 
starvation and oxidative stress are also induced at old ages [9]. Surprisingly, yeast cells 
surviving without nutrients (chronological ageing) are unexpectedly found to reduce 
the fraction of metabolites containing naturally occurring heavy isotopes [23]. Overall, 
ageing of the budding yeast is related to changes in metabolism and thus contributes 
to the metabolic heterogeneity of a population. 

METABOLIC HETEROGENEITY ARISING FROM MOLECULAR 
NOISE 
In addition to ecological factors and cell-inherent temporal behavior, stochasticity in 
molecular interactions can give rise to heterogeneity among cells. Gene expression 
involves interactions of molecules present at low copy numbers, which makes the rate 
of this process prone to fluctuations [1–3]. If flux-limiting metabolic enzymes and 
transporters are subject to such fluctuations, the noise in gene expression may 
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propagate into the fluxes through metabolic pathways, as indicated in recent studies 
[24,25]. In fact, it has been shown in E. coli that noise in the expression of an 
individual catabolic enzyme propagates even further through the whole metabolic 
network finally affecting the growth rate of single cells [26]. The altered growth rate, 
in turn, has been found to change the expression of other unrelated genes [26]. Such 
apparently growth-rate-related changes of gene expression, however, could also be 
due to flux-sensing and flux-dependent regulation [27,28]. Overall, these findings 
indicate that molecular noise in the production of even one enzyme can have global 
effects on the entire metabolism and expression of genes. 

As growth rate represents the ultimate product of each cell’s metabolism, we can use 
its dispersion among cells to assess the metabolic heterogeneity within a population. 
Here, large scatters of growth rates can be found among single cells in microbial 
populations [29–31]. Can there be an advantage of such dispersion? 
Counterintuitively, according to experiments in both bacteria and yeast, having a 
wider distribution of single cell growth rates does eventually increase the population 
growth rate [29,30], which suggests that the latter is determined not only by the 
average cell division time. Besides, at low population growth rates, a bigger dispersion 
of single cell growth rates makes the population more adaptive to rapid shifts to more 
favorable conditions [31]. Thus, intercellular metabolic heterogeneity, manifested in 
growth rate variability, can actually play a beneficial role increasing fitness of the 
whole population. 

Metabolic heterogeneity among cells does not necessarily have a unimodal form. For 
example, under the same conditions, the microalga Chlamydomonas reinhardtii appears in 
fast and slowly growing subpopulations [32]. The extreme case of metabolic 
heterogeneity is the occurrence of non-dividing cells in a growing population. In 
diauxie, after depleting the favorable carbon source, Lactococcus lactis forms a 
subpopulation of dormant cells [4]. Similarly, a shift from glucose to gluconeogenic 
carbon sources generates bistability in E. coli’s central carbon metabolism, resulting in 
a fraction of non- or slowly growing cells [5,33,34]. Furthermore, starved yeast cells 
provided with glucose or galactose form a subpopulation that does not manage to 
balance glycolysis and thus undergoes growth arrest [6]. These findings show that 
metabolic heterogeneity can be also bimodal. Moreover, it seems that such multiple 
stable phenotypes tend to emerge from a unimodal population due to a rapid change 
in the environment. 

How can such multi-stability of metabolism emerge within one population? The space 
of metabolic fluxes could have several attractors, and in a given environment cells 
would be situated around one of them [35]. A nutrient change could position cells on 
a different location in the space of metabolic fluxes, where there is comparable 
influence of two different attractors. If the cells had slightly different metabolic fluxes 
due to molecular noise, flux-sensing circuits, like E. coli’s positive feedback FBP-Cra 
[28,36] and negative feedback cAMP-Crp [37], would distribute the cells between the 
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two attractors. Thus, building on molecular noise and assisted by nutrient changes, 
feedback mechanisms could assign cells of one population to different attractors, i.e. 
different metabolic phenotypes.  

Cells drawn into an attractor of no or slow growth represent a highly relevant 
phenomenon as they can turn into so-called persisters, i.e. cells that exhibit tolerance 
towards antibiotics [35]. Recently, the metabolic phenotype of E. coli’s persisters has 
been unraveled, where it was found that their proteome is characterized by a global 
stress response, and that these cells are metabolically active with upregulated 
catabolism, very slow buildup of biomass and reduced metabolite pools [34]. 
Persisters of the Gram-positive bacterium S. aureus have been found to have 
decreased levels of ATP [38], which may reflect a strong perturbation of their 
metabolic homeostasis, which was found to trigger persistence in E. coli [34,35]. 
Interestingly, recent findings indicate that persisters occur not only in bacteria. Cells 
resistant to harsh environmental conditions, including drug treatment, also appear in 
yeast [39]. Overall, dormant and, particularly, persister cells are an example of extreme 
metabolic heterogeneity that can be present in a clonal population of microbes. 

EXPERIMENTAL TOOLS TO UNCOVER METABOLIC PROPERTIES 
OF SINGLE CELLS 
To further uncover metabolic heterogeneity in microbial populations and mechanisms 
generating it, single-cell measurements of metabolic properties are required. However, 
here we are still confronted with grand challenges. First, unlike proteins, metabolites 
cannot be fluorescently tagged. Second, even if the concentration of a metabolite can 
be measured, in most cases the concentration does not say much about the activity of 
the corresponding metabolic pathway.  

Below, we illustrate recent exciting developments that have been made towards 
quantifying the levels of metabolites and biomass components in single cells. 
Measuring fluxes through specific metabolic pathways in single cells is, however, still 
unattainable. Only the resulting activity of many metabolic pathways, for example, the 
flux to biomass, i.e. the growth rate, can be gauged, even with high precision. Next to 
determining single-cell growth rates from microscopic time-lapse data [29–31], a 
recent technology exploits resonant mass sensors to measure the buoyant mass and 
hence the growth rate of single cells in high-throughput manner [40]. Another 
microresonator set-up has quantified the total mass of a single cell and unexpectedly 
revealed its fluctuations in the second range, which seem to be linked to water 
transport and ATP synthesis [41].  

Metabolic activity can also be crudely assessed in single cells via the assimilation of 
externally provided compounds, i.e. the accumulation of certain atoms inside the cells. 
Particularly, nanometer-scale secondary ion mass spectrometry (NanoSIMS) has 
identified heterogeneity in the activity of CO2 and N2 fixation within the population 
of Chlorobium phaeobacteroides incubated with the labeled gases [42]. Furthermore, recent 
NanoSIMS experiments have shown that S. aureus cells incorporate heavy water with 
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markedly different rates [43]. Of note, the cells analyzed in these two studies were 
extracted from natural habitats, thus the identified metabolic variability could also be 
due to genetic differences. A recent NanoSIMS study, using a clonal E. coli population 
grown on a mixture of isotope-labelled arabinose and glucose, has disclosed that 
individual cells assimilate these sugars with different preferences [44]. Thus, 
NanoSIMS with the help of labelled nutrients can assess the resulting assimilation flux 
in single cells and identify metabolic heterogeneity among them. 

To measure metabolite levels in single microbial cells, mass spectrometry can be 
utilized (Table 1). Here, through microarrays for mass spectrometry (MAMS), single 
or few cells have been isolated in “wells” with subsequent matrix-assisted laser 
desorption/ionization (MALDI) of their content. With this technique, 19 metabolites 
of central carbon metabolism could be identified in tens of single yeast cells. On the 
basis of such data, two subpopulations with either low or high amounts of fructose-
1,6-bisphosphate could be distinguished [45]. Recent experiments employing MAMS 
have allowed high-throughput screening of thousands of individual C. reinhardtii cells 
with measuring 22 highly abundant lipids and pigments [46]. With another technique, 
aerosol time-of-flight mass spectrometry (ATOFMS), individual cells of the same alga 
experiencing four days of nitrogen limitation have been analyzed at the frequency of 
50 Hz. It has been found that on the second day the variability among cells in the 
level of one lipid is 40% bigger than on any other day, suggesting a subpopulation 
with slower response to nitrogen deprivation [47]. Given the high throughput 
possibility of these single-cell mass spectrometric techniques, it should now be 
possible to screen individual cells of entire microbial populations. However, the 
number of identified metabolites is still rather limited, and their levels are only 
qualitatively assessed. 

Single-cell concentrations of some metabolites can be assessed by exploiting their 
intrinsic spectroscopic properties, particularly their autofluorescence. In a recent study 
using the autofluoresence of NAD(P)H, it has been shown that metabolite oscillations 
exist in single cells of budding yeast [7]. Assessing NAD(P)H concentration via its 
autofluorescence has recently become possible even in the much smaller cells of E. 
coli, whose metabolism seems to oscillate as well during the cell division cycle [20].  

By means of fluorescence-lifetime imaging microscopy (FLIM), it is even possible to 
decompose the signals of NADPH and NADH in single-cell measurements [48]. 
Furthermore, the FLIM-phasor technique could determine the ratio between protein-
bound to free NAD(P)H molecules. Recently, it has been shown that single cells of 
diverse bacteria, including E. coli, B. subtilis and Staphylococcus epidermidis, modulate this 
ratio in response to environmental conditions. Particularly, increased free NAD(P)H 
appears with antibiotic treatment [49]. 

With Raman spectroscopy, utilizing the inelastic scattering of light by chemical bonds, 
it is also possible to measure a number of biomolecules in single microbial cells. 
Coherent anti-Stokes Raman spectroscopy (CARS) could quantify neutral lipids in 
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individual yeast cells [50]. With stimulated Raman scattering (SRS) microscopy it is 
feasible to measure DNA as well as proteins and lipids [51]. SRS, being a fast 
technique, has recently revealed variability in lipid, paramylon and chlorophyll content 
in the motile microalga Euglena gracile [52]. In labeling experiments with heavy water, 
single-cell Raman microspectroscopy has been elegantly applied to estimate bacterial 
viability under antibiotic influence, specifically, by tracking substitution of C–H by C–
D bond in macromolecules [53].  

Through application of different single-cell techniques on the very same cell, 
interesting insights have been obtained. For instance, first, fluorescent and Raman 
microscopies were used to determine concentrations of the pigments chlorophyll and 
astaxanthin in single cells of the algae Haematococcus pluvialis. Thereafter, the 
abundances of 13 primary metabolites were measured in the same cells using MAMS. 
Here, across the population of cells being in various stages of encystment, it has been 
found that ATP/ADP ratio anti-correlates with the ratio between astaxanthin and 
chlorophyll contents [54]. Thus, before disrupting cells for mass spectrometry, they 
can be studied spectroscopically to maximize the information gain. 

If dynamic single-cell measurements of metabolites are necessary, but the metabolites 
are not fluorescent or cannot be accessed via Raman spectroscopy, then genetically 
encoded biosensors, selectively reporting metabolite concentrations, are the method 
of choice. Here, in recent years, three different approaches exploiting interaction of 
target metabolites with proteins have been explored: transcription factor-, single 
fluorescent protein- and FRET- (i.e. Förster Resonance Energy Transfer) based 
biosensors (Table 1). 

Transcription factors that bind specific metabolites have been engineered into sensors 
driving the expression of a fluorescent protein and thus providing a proxy for the 
metabolite concentration. With such transcription factor-based biosensors, 
populations of E. coli, Corynebacterium glutamicum and Saccharomyces cerevisiae have recently 
been sorted in search of subpopulations with the highest level of industrially desired 
metabolites [55,56]. Relying on fluorescent protein expression, these sensors, 
however, cannot be used for tracking fast changes in metabolite concentration.  

Contrarily, another sensor concept, where a metabolite binding domain is fused to a 
single fluorescent protein and induces changes in its fluorescence, allows reporting 
transient metabolite concentration. Recently, sensors utilizing this concept have been 
developed for NADPH [57]  and the ratio of NADH and NAD+ [58]. Grafting GFP 
into ammonium transceptors has produced biosensors whose fluorescent response 
correlates with the transport activity, however, this may represent sensing of 
extracellular ammonium concentration only rather than the flux itself [59]. The 
disadvantage of some of such sensors, and also of all transcription factor-based ones, 
is that their read-out (fluorescence) can be easily confounded by sensor expression 
levels.  
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FRET-based sensors are a solution against such confounding effects, because they are 
intrinsically ratiometric. In most of these sensors, a metabolite binding domain links 
two fluorescent proteins and affects the efficiency of FRET between them upon 
metabolite binding. With a FRET-based sensor expressed in Mycobacterium smegmatis, it 
has been found that maintaining high ATP levels during antibiotic exposure correlates 
with cells’ ability to resume growth in normal conditions [60]. A sensor homologous 
to the previous one has recently disclosed ATP oscillations in single cells of yeast [7]. 
Interestingly, a pyruvate FRET-sensor has been used to infer the flux of this 
metabolite into the mitochondria, with the application of an inhibitor which stops the 
pyruvate influx into the cell [61]. FRET-based sensors can also rely on one fluorescent 
protein. Here, a sensor dimerizes upon metabolite binding and causes a decrease in 
steady-state fluorescence anisotropy, thus reporting the concentration of the 
substrate. Such sensor has been developed for NADP+ [62]. FRET-sensors are 
excellent tools offering real-time dynamic read-outs of metabolite concentration. 
However, the set of protein domains able to bind metabolites and appropriately re-
orient the fluorescent proteins to enable FRET seems to be limited in nature [63].  

Nucleic acid-based sensors might be an alternative, as they could be developed for any 
metabolite due to efficient in vitro selection of aptamers, namely SELEX [64], and 
versatility of naturally occurring riboswitches [65]. In recent RNA-based sensors, 
mRNA encoding a fluorescent protein contains an aptamer and a self-cleaving 
ribozyme so that, upon metabolite binding, the former modulates the latter, eventually 
controlling translation [66]. In another design, an in vitro selected aptamer or 
riboswitch binds a metabolite and enables another aptamer, specifically Spinach or 
Spinach2, to activate fluorescence of an externally added chemical. Studies employing 
such sensors have reported a large cell-to-cell variability in the concentration of S-
adenosylmethionine [63] and thiamine 5'-pyrophosphate [67] in cells of an E. coli 
population. RNA-based sensors can lead to 5-25-fold increases in fluorescence upon 
metabolite binding [63,66–69] which is dramatically higher than rather modest 
responses of FRET-based sensors. New fluorophores with different spectral 
properties [70] and recently discovered alternative fluorophore-binding aptamers, like 
baby Spinach [71] and Broccoli [72], may further fuel development of RNA-based 
sensors. Such further work is necessary as the currently available RNA-based 
metabolite sensors can measure only large heterocyclic compounds, and unfortunately 
not yet the small and negatively-charged metabolites of primary metabolism. 
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Table 1. Experimental methods to quantify the levels of metabolites and biomass 
components in single cells. 

 Method Target Features Examples 

Methods 
directly 
exploiting 
intrinsic 
properties of 
metabolites 
or biomass 
components 
 

 

Mass 
spectrometry 
(single-cell 
“metabolomics”) 

Absolute 
amount of 
primary and 
secondary 
metabolites 

+ simultaneous 
measurement of 
up to 30 
compounds 

+ high-
throughput 

 

- disruptive,     
i.e. non-dynamic 

Metabolites of central 
carbon metabolism 
[54,45,73], highly 
abundant lipid species 
and pigments [46,47] 

 

Exploiting 
autofluorescence 
of metabolites 

Concentration 
of cofactors and 
pigments 

+ non-
disruptive,       
i.e. dynamic 

 

- mostly non-
selective 

Fluorescent microscopy: 

NAD(P)H [7], 
chlorophyll [54] 

FLIM: 

decomposed NADH and 
NADPH [48], fraction of 
protein-bound to free 
NAD(P)H [49] 

Raman 
spectroscopy 

Concentration 
of abundant 
chemical bonds, 
biomass 
components 
and pigments 

+ non-disruptive 

 

- mostly non-
selective 
(regarding 
chemical 
compounds) 

Lipids [50–52], DNA and 
proteins [51], paramylon 
and chlorophyll [52], 
astaxanthin [54], global 
metabolic profiling [74], 
carbon–deuterium 
chemical bond [53] 

Methods 
assisted by 
interaction of 
metabolites 
with 
engineered 
proteins 
 

 

 

Transcription 
factor-based 
sensors 

Concentration 
of primary and 
secondary 
metabolites 

+ genetically 
encoded 

 

- non-ratiometric 

- delayed 
response (based 
on the 
expression of a 
fluorescent 
protein) 

 

 

NADPH [75], 
NAD+/NADH [76], 
malonyl-CoA [55],        
p-coumaric acid [56],     
ε-caprolactam,               
δ-valerolactam and 
butyrolactam [77] 



   
 

   
 19 

Single fluorescent 
protein-based 
sensors 

Concentration 
of primary 
metabolites 

+ genetically 
encoded 

+ immediate 
response 

+/- ratiometric 
or non-
ratiometric 

Non-ratiometric: 

trehalose [78], 
NAD+/NADH [79] 

Ratiometric: 

NAD+/NADH [58], 
NADH [80], NADPH 
[57] 

FRET-based 
sensors 

Concentration 
of primary 
metabolites, 
signaling 
molecules, 
metal ions 

+ genetically 
encoded 

+ immediate 
response 

+ ratiometric 

 

- mostly <2-fold 
response 

Two fluorescent proteins: 

Pyruvate [61], trehalose-
6-phosphate [81], ATP 
[82], cAMP [83] 

One fluorescent protein: 

NADP+ [62] 

Methods 
assisted by 
interaction of 
metabolites 
with 
engineered 
RNA 

 

RNA-based 
sensors 
expressing 
fluorescent 
proteins 

Concentration 
of secondary 
metabolites (big 
heterocyclic 
compounds) 

+ genetically 
encoded 

+ 7-11-fold 
response 

 

- delayed 
response 
(current 
concept) 

- non-ratiometric 

Theophylline, 
tetracycline and 
neomycin [66] 

RNA-based 
sensors with 
Spinach-like 
aptamers 

Concentration 
of primary 
metabolites, 
signaling 
molecules (big 
heterocyclic 
compounds) 

+ genetically 
encoded 

+ 5-25-fold 
response 

+ immediate 
response 

 

- require external 
fluorophore 

- non-ratiometric 

Adenosine, ADP,          
S-adenosylmethionine, 
guanine and GTP [63], 
cyclic di-GMP and cyclic 
AMP-GMP [68], cyclic 
di-AMP [69], thiamine  
5′-pyrophosphate [67] 
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FUTURE AVENUES 
As shown in this review, the cells of clonal microbial populations can exhibit 
significant metabolic heterogeneity, which in the most extreme case leads to the co-
existence of growing and non-growing cells. Many open questions exist, for example, 
on the source of metabolic oscillations during the cell division cycle and on the origins 
of ageing-associated changes in metabolism. Further, the mechanisms causing 
microbial populations to end up in metabolically different phenotypes remain mostly 
unknown. 

Key to unravel these questions will be methods to probe metabolism on the single cell 
level. Here, significant advances have been made in recent years. Nevertheless, many 
of the current tools are still at the proof-of-concept level, meaning that thorough in 
vivo validation is necessary before these tools can be routinely applied for actual 
research. Due to the theoretically unlimited versatility of nucleic acid-based metabolite 
sensors, we expect that they will become the standard tool to dynamically visualize 
metabolite levels in single cells, although, admittedly, still many technical problems 
need to be solved with such sensors. 

The ultimate challenge, however, will be to devise methods to sense or visualize the 
functional output of metabolism, i.e. the metabolic fluxes through specific metabolic 
pathways, in single cells. Measuring metabolic fluxes in single cells, ideally in dynamic 
fashion, represents an extreme technical challenge, and even on the conceptual level it 
is not clear how this could be done. One possibility might be to exploit flux-signaling 
metabolites, whose concentration strictly correlates with the corresponding metabolic 
flux [27,36], and develop biosensors for these metabolites to obtain dynamic single-
cell flux measurements. 

 

AIM AND OUTLINE OF THIS THESIS 

Our research group has recently discovered hour-range metabolic oscillations in single 
cells of Saccharomyces cerevisiae, a eukaryotic model organism. This phenomenon was 
observed as NAD(P)H and ATP level oscillations synchronous with the cell cycle but 
autonomous from it. The aim of this thesis is (1) to identify the cause of the 
metabolic oscillations in single cells of S. cerevisiae, as well as (2) to establish previously 
reported methods and to develop novel tools that can probe the temporal dynamics 
of S. cerevisiae’s metabolism on the single-cell level. 

In Chapter 2, we investigated the cause of the metabolic oscillations. First, we 
generated experimental evidence on the basis of which we had to dismiss previous 
conjectures that the metabolic oscillations originate in carbohydrate-storage or 
respiration metabolism. We then hypothesized that the metabolic oscillations are 
caused by a temporal segregation in the synthesis of major biomass components, such 
as proteins, lipids and polysaccharides, which changes precursor demands and leads to 
a re-arrangement of fluxes in central carbon and energy metabolism. Employing 
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microfluidics and dynamic single-cell NAD(P)H measurements, we developed a novel 
perturbation-based method to measure metabolic activity. With this method as well as 
with independent approaches, we discovered that there are two activity waves of 
protein biosynthesis per cell cycle, which contradicts currently prevailing notion. On 
the contrary, we found that lipid and polysaccharide biosynthesis has one activity 
wave during the cell cycle, dropping around the first peak of protein biosynthesis and 
reaching the maximum when protein biosynthesis peaks for the second time. 
Moreover, we identified that cell-size growth is not strictly coupled to protein 
biosynthesis activity during the cell cycle, with the cell-size growth likely constrained 
by the dynamics of lipid and polysaccharide biosynthesis. 

With a novel mathematical model that describes the dynamics of cell mass and its 
composition during the cell cycle, we converted the dimensionless biosynthetic 
activities measured with the perturbation-based method to biosynthetic rates 
expressed in absolute units. Introducing these biosynthetic rates into a state-of-the-art 
thermodynamic-stoichiometric model of yeast metabolism, we inferred the dynamic 
flux map of central carbon and energy metabolism during the cell cycle. Verifying this 
flux map, we experimentally found that glucose uptake rate changes during the cell 
cycle peaking around mitotic exit. Thus, in this chapter, we demonstrated that 
biosynthetic processes are indeed temporally segregated and lead to re-wiring of 
central metabolism, which deepens our understanding of metabolic oscillations. Most 
importantly, we provided the first comprehensive overview on the flux changes of 
metabolism during the cell cycle, in both major biosynthetic and core metabolic 
processes. 

In Chapter 3, we set out to establish in yeast a FRET-sensor for pyruvate that had 
been successfully used in multiple studies focused on animal cells and, therefore, was 
a promising tool to identify the pyruvate dynamics in relation to the metabolic 
oscillations. Introducing a sensor for pyruvate, a metabolite located at the intersection 
of numerous metabolic pathways and potentially having flux-signaling properties, into 
yeast would largely benefit fundamental studies of metabolism and cell cycle as well as 
biotechnology where this organism is broadly exploited. We expressed a codon-
optimized version of the FRET-sensor in S. cerevisiae and tested it in dynamic 
perturbations of metabolism, employing time-lapse fluorescence microscopy. 
Although we observed that the sensor modulates its readout in diverse carbon-source 
switches, we found that in targeted perturbations of pyruvate metabolism the sensor 
fails to report expected changes of the metabolite concentration, as determined in an 
enzyme-assay independently. Surprisingly, this pyruvate-unresponsive FRET-sensor 
demonstrated oscillations of its readout during the cell cycle, which may represent an 
artefact affecting also other FRET-sensors applied in the context of the cell cycle. 

In Chapter 4, we ab initio developed a synthetic RNA-based sensor for fructose-1,6-
bisphosphate (FBP) reporting glycolytic flux. An in vitro selected RNA-aptamer 
binding this metabolite was merged with a hammerhead ribozyme, on the basis of 
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which a large library of RNA-devices with a fluorescent output was constructed and 
introduced into yeast cells. These cells expressing the RNA-devices were cultivated 
under different metabolic conditions with divergent intracellular FBP concentrations, 
after which we performed a high-throughput in vivo screening of RNA-devices 
responding to the FBP-concentration difference. In this high-throughput screening, 
we analyzed large amounts of fluorescence-activated cell sorting and next generation 
sequencing data, and eventually identified a few FBP-sensor candidates. Testing the 
candidates individually, we confirmed that the readout of almost all of them changes 
concomitantly with the intracellular FBP concentration. Interestingly, the readouts of 
the FBP-sensor candidates correlated both positively and negatively with the FBP 
concentration, reflecting different mechanisms of work of respective RNA-devices. 
We mutated the FBP-binding site of two sensor candidates and observed no 
correlation anymore between their readouts and FBP concentration, which allowed us 
to conclude that we have developed two FBP sensors. Exploiting microfluidics-
assisted fluorescence microscopy, we discovered that one of the FBP sensors also 
reports glycolytic flux, as the sensor distinguishes non- or slowly dividing cells, besides 
changes its readout in single cells when a glycolysis-inhibiting drug is added. 

In Chapter 5, we discuss future research and application avenues that should be 
pursued in the light of findings presented in this thesis.  

 
ACKNOWLEDGEMENTS 
This work was supported by the European Union’s Horizon 2020 research and innovation programme 
under the Marie Skłodowska-Curie grant agreement No 642738. 

 

REFERENCES AND RECOMMENDED READING 
Papers of particular interest, published within the period of review, have been 
highlighted as: 

• of special interest  

•• of outstanding interest 
1.  Elowitz MB, Levine AJ, Siggia ED, Swain PS: Stochastic Gene Expression in a 

Single Cell. Science (80- ) 2002, 297:1183 LP-1186. 

2.  Golding I, Paulsson J, Zawilski SM, Cox EC: Real-time kinetics of gene activity in 
individual bacteria. Cell 2005, 123:1025–1036. 

3.  Raj A, van Oudenaarden A: Nature, Nurture, or Chance: Stochastic Gene 
Expression and Its Consequences. Cell 2008, 135:216–226. 

4.  Solopova A, van Gestel J, Weissing FJ, Bachmann H, Teusink B, Kok J, Kuipers OP: 
Bet-hedging during bacterial diauxic shift. Proc Natl Acad Sci 2014, 111:7427–7432. 

5.  Kotte O, Volkmer B, Radzikowski JL, Heinemann M: Phenotypic bistability in 
Escherichia coli’s central carbon metabolism. Mol Syst Biol 2014, 10:736–736. 



   
 

   
 23 

6.  Van Heerden JH, Wortel MT, Bruggeman FJ, Heijnen JJ, Bollen YJM, Planqué R, 
Hulshof J, O’Toole TG, Wahl SA, Teusink B: Lost in transition: Start-up of 
glycolysis yields subpopulations of nongrowing cells. Science (80- ) 2014, 
343:1245114. 

7.  Papagiannakis A, Niebel B, Wit EC, Heinemann M: Autonomous Metabolic 
Oscillations Robustly Gate the Early and Late Cell Cycle. Mol Cell 2017, 65:285–
295. 

•• This paper shows that in single cells of yeast the levels of NAD(P)H and ATP oscillate 
during the cell cycle and also in its absence. This study exploits microfluidics, 
metabolite autofluorescence and a FRET-based sensor. 

8.  Kamei Y, Tamada Y, Nakayama Y, Fukusaki E, Mukai Y: Changes in transcription 
and metabolism during the early stage of replicative cellular senescence in 
budding yeast. J Biol Chem 2014, 289:32081–32093. 

9.  Janssens GE, Meinema AC, González J, Wolters JC, Schmidt A, Guryev V, Bischoff 
R, Wit EC, Veenhoff LM, Heinemann M: Protein biogenesis machinery is a driver 
of replicative aging in yeast. Elife 2015, 4:e08527. 

10.  Xiao Y, Bowen CH, Liu D, Zhang F: Exploiting nongenetic cell-to-cell variation 
for enhanced biosynthesis. Nat Chem Biol 2016, 12:339–344. 

11.  Nagarajan S, Kruckeberg AL, Schmidt KH, Kroll E, Hamilton M, McInnerney K, 
Summers R, Taylor T, Rosenzweig F: Uncoupling reproduction from metabolism 
extends chronological lifespan in yeast. Proc Natl Acad Sci 2014, 111:E1538–E1547. 

12.  Campbell K, Herrera-Dominguez L, Correia-Melo C, Zelezniak A, Ralser M: 
Biochemical principles enabling metabolic cooperativity and phenotypic 
heterogeneity at the single cell level. Curr Opin Syst Biol 2017, 
doi:10.1016/j.coisb.2017.12.001. 

13.  Campbell K, Vowinckel J, Mülleder M, Malmsheimer S, Lawrence N, Calvani E, 
Miller-Fleming L, Alam MT, Christen S, Keller MA, et al.: Self-establishing 
communities enable cooperative metabolite exchange in a eukaryote. Elife 2015, 
4. 

14.  Campbell K, Vowinckel J, Ralser M: Cell-to-cell heterogeneity emerges as 
consequence of metabolic cooperation in a synthetic yeast community. Biotechnol 
J 2016, 11:1169–1178. 

15.  Liu J, Prindle A, Humphries J, Gabalda-Sagarra M, Asally M, Lee DYD, Ly S, Garcia-
Ojalvo J, Süel GM: Metabolic co-dependence gives rise to collective oscillations 
within biofilms. Nature 2015, 523:550–554. 

16.  Prindle A, Liu J, Asally M, Ly S, Garcia-Ojalvo J, Süel GM: Ion channels enable 
electrical communication in bacterial communities. Nature 2015, 527:59–63. 

17.  Liu J, Martinez-Corral R, Prindle A, Lee DYD, Larkin J, Gabalda-Sagarra M, Garcia-
Ojalvo J, Süel GM: Coupling between distant biofilms and emergence of 
nutrient time-sharing. Science (80- ) 2017, 356:638–642. 

•• This paper shows that neighbouring biofilms of B. subtilis communicate via electrical 



   
 

   
 24 

signalling and grow with anti-phase oscillating speeds. 

18.  Blank HM, Perez R, He C, Maitra N, Metz R, Hill J, Lin Y, Johnson CD, Bankaitis 
VA, Kennedy BK, et al.: Translational control of lipogenic enzymes in the cell 
cycle of synchronous, growing yeast cells. EMBO J 2017, 36:487–502. 

• This paper shows that the translational efficiency of mRNAs encoding lipogenic enzymes 
changes throughout the cell cycle. 

19.  Lori C, Ozaki S, Steiner S, Böhm R, Abel S, Dubey BN, Schirmer T, Hiller S, Jenal U: 
Cyclic di-GMP acts as a cell cycle oscillator to drive chromosome replication. 
Nature 2015, 523:236–239. 

20.  Zhang Z, Milias-Argeitis A, Heinemann M: Dynamic single-cell NAD(P)H 
measurement reveals oscillatory metabolism throughout the E. coli cell 
division cycle. Sci Rep 2018, 8:2162. 

21.  Yaginuma H, Kawai S, Tabata K V., Tomiyama K, Kakizuka A, Komatsuzaki T, Noji 
H, Imamura H: Diversity in ATP concentrations in a single bacterial cell 
population revealed by quantitative single-cell imaging. Sci Rep 2014, 4:6522. 

22.  Walker N, Nghe P, Tans SJ: Generation and filtering of gene expression noise by 
the bacterial cell cycle. BMC Biol 2016, 14:11. 

23.  Li X, Snyder MP: Yeast longevity promoted by reversing aging-associated 
decline in heavy isotope content. npj Aging Mech Dis 2016, 2:16004. 

24.  Nikolic N, Barner T, Ackermann M: Analysis of fluorescent reporters indicates 
heterogeneity in glucose uptake and utilization in clonal bacterial populations. 
BMC Microbiol 2013, 13:258. 

25.  Welkenhuysen N, Borgqvist J, Backman M, Bendrioua L, Goksör M, Adiels CB, 
Cvijovic M, Hohmann S: Single-cell study links metabolism with nutrient 
signaling and reveals sources of variability. BMC Syst Biol 2017, 11:59. 

26.  Kiviet DJ, Nghe P, Walker N, Boulineau S, Sunderlikova V, Tans SJ: Stochasticity of 
metabolism and growth at the single-cell level. Nature 2014, 514:376–379. 

•• This paper shows that fluctuations in the expression of single catabolic enzymes propagate 
into changes of a cell's growth rate, which, in turn, affect the expression of genes, 
including unrelated ones. 

27.  Litsios A, Ortega ÁD, Wit EC, Heinemann M: Metabolic-flux dependent 
regulation of microbial physiology. Curr Opin Microbiol 2018, 42:71–78. 

28.  Kochanowski K, Volkmer B, Gerosa L, Haverkorn van Rijsewijk BR, Schmidt A, 
Heinemann M: Functioning of a metabolic flux sensor in Escherichia coli. Proc 
Natl Acad Sci 2013, 110:1130–1135. 

29.  Hashimoto M, Nozoe T, Nakaoka H, Okura R, Akiyoshi S, Kaneko K, Kussell E, 
Wakamoto Y: Noise-driven growth rate gain in clonal cellular populations. Proc 
Natl Acad Sci 2016, 113:3251–3256. 

30.  Cerulus B, New AM, Pougach K, Verstrepen KJ: Noise and Epigenetic 
Inheritance of Single-Cell Division Times Influence Population Fitness. Curr 
Biol 2016, 26:1138–1147. 



   
 

   
 25 

31.  Rochman N, Si F, Sun SX: To grow is not enough: impact of noise on cell 
environmental response and fitness. Integr Biol 2016, 8:1030–1039. 

32.  Damodaran SP, Eberhard S, Boitard L, Rodriguez JG, Wang Y, Bremond N, Baudry J, 
Bibette J, Wollman FA: A millifluidic study of cell-to-cell heterogeneity in 
growth-rate and cell-division capability in populations of isogenic cells of 
Chlamydomonas reinhardtii. PLoS One 2015, 10:e0118987. 

33.  Amato S, Orman M, Brynildsen M: Metabolic Control of Persister Formation in 
Escherichia coli. Mol Cell 2013, 50:475–487. 

34.  Radzikowski JL, Vedelaar S, Siegel D, Ortega ÁD, Schmidt A, Heinemann M: 
Bacterial persistence is an active σ S stress response to metabolic flux 
limitation. Mol Syst Biol 2016, 12:882. 

• This paper characterises the metabolic phenotype of E. coli persisters. Particularly, it shows 
that they are metabolically active and have decreased metabolite pools. 

35.  Radzikowski JL, Schramke H, Heinemann M: Bacterial persistence from a system-
level perspective. Curr Opin Biotechnol 2017, 46:98–105. 

36.  Kotte O, Zaugg JB, Heinemann M: Bacterial adaptation through distributed 
sensing of metabolic fluxes. Mol Syst Biol 2010, 6:355. 

37.  Hermsen R, Okano H, You C, Werner N, Hwa T: A growth-rate composition 
formula for the growth of E. coli on co-utilized carbon substrates. Mol Syst Biol 
2015, 11:801–801. 

38.  Conlon BP, Rowe SE, Gandt AB, Nuxoll AS, Donegan NP, Zalis EA, Clair G, 
Adkins JN, Cheung AL, Lewis K: Persister formation in Staphylococcus aureus is 
associated with ATP depletion. Nat Microbiol 2016, 1:16051. 

39.  Yaakov G, Lerner D, Bentele K, Steinberger J, Barkai N: Coupling phenotypic 
persistence to DNA damage increases genetic diversity in severe stress. Nat 
Ecol Evol 2017, 1:16. 

40.  Cermak N, Olcum S, Delgado FF, Wasserman SC, Payer KR, Murakami MA, 
Knudsen SM, Kimmerling RJ, Stevens MM, Kikuchi Y, et al.: High-throughput 
measurement of single-cell growth rates using serial microfluidic mass sensor 
arrays. Nat Biotechnol 2016, 34:1052–1059. 

41.  Martínez-Martín D, Fläschner G, Gaub B, Martin S, Newton R, Beerli C, Mercer J, 
Gerber C, Müller DJ: Inertial picobalance reveals fast mass fluctuations in 
mammalian cells. Nature 2017, 550:500–505. 

• This paper presents a tool to measure the total mass of a single cell with picogram sensitivity 
and millisecond resolution. This method reveals cell mass fluctuations in the second 
range that seem to be linked to ATP synthesis and water transport. 

42.  Zimmermann M, Escrig S, Hübschmann T, Kirf MK, Brand A, Inglis RF, Musat N, 
Müller S, Meibom A, Ackermann M, et al.: Phenotypic heterogeneity in metabolic 
traits among single cells of a rare bacterial species in its natural environment 
quantified with a combination of flow cell sorting and NanoSIMS. Front Microbiol 
2015, 6:243. 



   
 

   
 26 

43.  Kopf SH, Sessions AL, Cowley ES, Reyes C, Van Sambeek L, Hu Y, Orphan VJ, Kato 
R, Newman DK: Trace incorporation of heavy water reveals slow and 
heterogeneous pathogen growth rates in cystic fibrosis sputum. Proc Natl Acad 
Sci 2016, 113:E110–E116. 

44.  Nikolic N, Schreiber F, Dal Co A, Kiviet DJ, Bergmiller T, Littmann S, Kuypers 
MMM, Ackermann M: Cell-to-cell variation and specialization in sugar 
metabolism in clonal bacterial populations. PLoS Genet 2017, 13:1–24. 

• This paper shows that in clonal E. coli population grown on a mixture of glucose and 
arabinose, individual cells assimilate these metabolites with different preferences. The 
assimilation of the sugars is measured with NanoSIMS. 

45.  Ibáñez AJ, Fagerer SR, Schmidt AM, Urban PL, Jefimovs K, Geiger P, Dechant R, 
Heinemann M, Zenobi R: Mass spectrometry-based metabolomics of single yeast 
cells. Proc Natl Acad Sci 2013, 110:8790–8794. 

46.  Krismer J, Sobek J, Steinhoff RF, Fagerer SR, Pabst M, Zenobi R: Screening of 
Chlamydomonas reinhardtii populations with single-cell resolution by using a 
high-throughput microscale sample preparation for matrix-assisted laser 
desorption ionization mass spectrometry. Appl Environ Microbiol 2015, 81:5546–
5551. 

47.  Cahill JF, Darlington TK, Fitzgerald C, Schoepp NG, Beld J, Burkart MD, Prather 
KA: Online Analysis of Single Cyanobacteria and Algae Cells under Nitrogen-
Limited Conditions Using Aerosol Time-of-Flight Mass Spectrometry. Anal 
Chem 2015, 87:8039–8046. 

48.  Blacker TS, Mann ZF, Gale JE, Ziegler M, Bain AJ, Szabadkai G, Duchen MR: 
Separating NADH and NADPH fluorescence in live cells and tissues using 
FLIM. Nat Commun 2014, 5:3936. 

49.  Bhattacharjee A, Datta R, Gratton E, Hochbaum AI: Metabolic fingerprinting of 
bacteria by fluorescence lifetime imaging microscopy. Sci Rep 2017, 7:3743. 

50.  Chumnanpuen P, Brackmann C, Nandy SK, Chatzipapadopoulos S, Nielsen J, 
Enejder A: Lipid biosynthesis monitored at the single-cell level in 
Saccharomyces cerevisiae. Biotechnol J 2012, 7:594–601. 

51.  Lu F-K, Basu S, Igras V, Hoang MP, Ji M, Fu D, Holtom GR, Neel VA, Freudiger 
CW, Fisher DE, et al.: Label-free DNA imaging in vivo with stimulated Raman 
scattering microscopy. Proc Natl Acad Sci 2015, 112:11624–11629. 

52.  Wakisaka Y, Suzuki Y, Iwata O, Nakashima A, Ito T, Hirose M, Domon R, Sugawara 
M, Tsumura N, Watarai H, et al.: Probing the metabolic heterogeneity of live 
Euglena gracilis with stimulated Raman scattering microscopy. Nat Microbiol 
2016, 1:16124. 

53.  Tao Y, Wang Y, Huang S, Zhu P, Huang WE, Ling J, Xu J: Metabolic-Activity-
Based Assessment of Antimicrobial Effects by D2O-Labeled Single-Cell 
Raman Microspectroscopy. Anal Chem 2017, 89:4108–4115. 

• This paper shows that using single cell Raman microspectroscopy and heavy water it is 
possible to assess the viability of pathogenic microbes by tracking the shift from C–H  



   
 

   
 27 

to C–D bond. 

54.  Fagerer SR, Schmid T, Ibáñez AJ, Pabst M, Steinhoff R, Jefimovs K, Urban PL, 
Zenobi R: Analysis of single algal cells by combining mass spectrometry with 
Raman and fluorescence mapping. Analyst 2013, 138:6732. 

55.  Li S, Si T, Wang M, Zhao H: Development of a Synthetic Malonyl-CoA Sensor in 
Saccharomyces cerevisiae for Intracellular Metabolite Monitoring and Genetic 
Screening. ACS Synth Biol 2015, 4:1308–1315. 

56.  Siedler S, Khatri NK, Zsohár A, Kjærbølling I, Vogt M, Hammar P, Nielsen CF, 
Marienhagen J, Sommer MOA, Joensson HN: Development of a Bacterial 
Biosensor for Rapid Screening of Yeast p-Coumaric Acid Production. ACS Synth 
Biol 2017, 6:1860–1869. 

57.  Tao R, Zhao Y, Chu H, Wang A, Zhu J, Chen X, Zou Y, Shi M, Liu R, Su N, et al.: 
Genetically encoded fluorescent sensors reveal dynamic regulation of NADPH 
metabolism. Nat Methods 2017, 14:720–728.  

• This paper presents a ratiometric genetically encoded biosensor measuring NADPH 
concentration. 

58.  Zhao Y, Hu Q, Cheng F, Su N, Wang A, Zou Y, Hu H, Chen X, Zhou HM, Huang 
X, et al.: SoNar, a Highly Responsive NAD+/NADH Sensor, Allows High-
Throughput Metabolic Screening of Anti-tumor Agents. Cell Metab 2015, 21:777–
789. 

59.  De Michele R, Ast C, Loqué D, Ho CH, Andrade SLA, Lanquar V, Grossmann G, 
Gehne S, Kumke MU, Frommer WB: Fluorescent sensors reporting the activity of 
ammonium transceptors in live cells. Elife 2013, 2013:e00800. 

60.  Maglica Ž, Özdemir E, McKinney JD: Single-cell tracking reveals antibiotic-
induced changes in mycobacterial energy metabolism. MBio 2015, 6:e02236-14. 

61.  San Martín A, Ceballo S, Baeza-Lehnert F, Lerchundi R, Valdebenito R, Contreras-
Baeza Y, Alegría K, Barros LF: Imaging mitochondrial flux in single cells with a 
FRET sensor for pyruvate. PLoS One 2014, 9:e85780. 

62.  Cameron WD, Bui C V., Hutchinson A, Loppnau P, Gräslund S, Rocheleau J V.: 
Apollo-NADP+: A spectrally tunable family of genetically encoded sensors for 
NADP+. Nat Methods 2016, 13:352–358. 

63.  Paige JS, Nguyen-Duc T, Song W, Jaffrey SR: Fluorescence Imaging of Cellular 
Metabolites with RNA. Science (80- ) 2012, 335:1194. 

64.  Ellington AD, Szostak JW: In vitro selection of RNA molecules that bind specific 
ligands. Nature 1990, 346:818–822. 

65.  Mellin JR, Cossart P: Unexpected versatility in bacterial riboswitches. Trends Genet 
2015, 31:150–156. 

66.  Townshend B, Kennedy AB, Xiang JS, Smolke CD: High-throughput cellular RNA 
device engineering. Nat Methods 2015, 12:989–994. 

67.  You M, Litke JL, Jaffrey SR: Imaging metabolite dynamics in living cells using a 
Spinach-based riboswitch. Proc Natl Acad Sci 2015, 112:E2756–E2765. 



   
 

   
 28 

68.  Kellenberger CA, Wilson SC, Sales-Lee J, Hammond MC: RNA-based fluorescent 
biosensors for live cell imaging of second messengers cyclic di-GMP and cyclic 
AMP-GMP. J Am Chem Soc 2013, 135:4906–4909. 

69.  Kellenberger CA, Chen C, Whiteley AT, Portnoy DA, Hammond MC: RNA-Based 
Fluorescent Biosensors for Live Cell Imaging of Second Messenger Cyclic di-
AMP. J Am Chem Soc 2015, 137:6432–6435. 

70.  Song W, Strack RL, Svensen N, Jaffrey SR: Plug-and-play fluorophores extend the 
spectral properties of spinach. J Am Chem Soc 2014, 136:1198–1201. 

71.  Warner KD, Chen MC, Song W, Strack RL, Thorn A, Jaffrey SR, Ferré-D’Amaré AR: 
Structural basis for activity of highly efficient RNA mimics of green fluorescent 
protein. Nat Struct Mol Biol 2014, 21:658–663. 

72.  Filonov GS, Moon JD, Svensen N, Jaffrey SR: Broccoli: Rapid selection of an 
RNA mimic of green fluorescent protein by fluorescence-based selection and 
directed evolution. J Am Chem Soc 2014, 136:16299–16308. 

73.  Schmidt AM, Fagerer SR, Jefimovs K, Buettner F, Marro C, Siringil EC, Boehlen KL, 
Pabst M, Ibáñez AJ: Molecular phenotypic profiling of a Saccharomyces 
cerevisiae strain at the single-cell level. Analyst 2014, 139:5709–5717. 

74.  Teng L, Wang X, Wang X, Gou H, Ren L, Wang T, Wang Y, Ji Y, Huang WE, Xu J: 
Label-free, rapid and quantitative phenotyping of stress response in E. coli via 
ramanome. Sci Rep 2016, 6:34359. 

75.  Siedler S, Schendzielorz G, Binder S, Eggeling L, Bringer S, Bott M: SoxR as a 
single-cell biosensor for NADPH-consuming enzymes in Escherichia coli. ACS 
Synth Biol 2014, 3:41–47. 

76.  Knudsen JD, Carlquist M, Gorwa-Grauslund M: NADH-dependent biosensor in 
Saccharomyces cerevisiae: principle and validation at the single cell level. AMB 
Express 2014, 4:1–12. 

77.  Zhang J, Barajas JF, Burdu M, Ruegg TL, Dias B, Keasling JD: Development of a 
Transcription Factor-Based Lactam Biosensor. ACS Synth Biol 2017, 6:439–445. 

78.  Nadler DC, Morgan SA, Flamholz A, Kortright KE, Savage DF: Rapid construction 
of metabolite biosensors using domain-insertion profiling. Nat Commun 2016, 
7:12266. 

79.  Hung YP, Yellen G: Live-cell imaging of cytosolic NADH-NAD+ redox state 
using a genetically encoded fluorescent biosensor. Methods Mol Biol 2014, 1071:83–
95. 

80.  Zhao Y, Jin J, Hu Q, Zhou HM, Yi J, Yu Z, Xu L, Wang X, Yang Y, Loscalzo J: 
Genetically encoded fluorescent sensors for intracellular NADH detection. Cell 
Metab 2011, 14:555–566. 

81.  Peroza EA, Ewald JC, Parakkal G, Skotheim JM, Zamboni N: A genetically 
encoded Förster resonance energy transfer sensor for monitoring in vivo 
trehalose-6-phosphate dynamics. Anal Biochem 2015, 474:1–7. 

82.  Imamura H, Huynh Nhat KP, Togawa H, Saito K, Iino R, Kato-Yamada Y, Nagai T, 



   
 

   
 29 

Noji H: Visualization of ATP levels inside single living cells with fluorescence 
resonance energy transfer-based genetically encoded indicators. Proc Natl Acad 
Sci 2009, 106:15651–15656. 

83.  Klarenbeek J, Goedhart J, Van Batenburg A, Groenewald D, Jalink K: Fourth-
generation Epac-based FRET sensors for cAMP feature exceptional 
brightness, photostability and dynamic range: Characterization of dedicated 
sensors for FLIM, for ratiometry and with high affinity. PLoS One 2015, 
10:e0122513.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



   
 

   
 30 

 


	Chapter 1

