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Chapter 1 
Metabolic heterogeneity in clonal microbial populations 
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microbial populations. Current opinion in microbiology, 45, 30-38. 
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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 



   
 

   
 16 

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] 
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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.  
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HIGHLIGHTS 

• Biosynthetic processes are partially temporally segregated during the cell cycle. 

• Proteins are made in two activity waves while lipids and polysaccharides in one. 

• Core metabolic fluxes alter along the cell cycle to feed the biosynthetic processes. 

• Glucose consumption reaches maximal rate in early G1 and drops during S. 

 

ABSTRACT 
Hour-scale metabolic oscillations manifesting in changing metabolite levels are coupled 
to the cell cycle, yet are autonomous from it and, according to recent evidence, also 
exert cell-cycle control. To understand how the metabolic oscillations regulate the cell 
cycle, it is crucial to determine from which metabolic pathways they actually emerge. 
Via single-cell-level experiments with microfluidics and fluorescent microscopy, we 
dismissed previous conjectures that the metabolic oscillations originate in respiration 
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or carbohydrate-storage metabolism. Instead, we hypothesised that major biosynthetic 
processes are temporally segregated, demanding core metabolism to rewire its fluxes to 
provide necessary precursors in timely fashion. With a novel perturbation method 
employing dynamic single-cell NAD(P)H measurements, we discovered that protein 
biosynthesis has two activity waves per cell cycle. Temporally segregated from them, 
the biosynthesis of lipids and polysaccharides was found to oscillate once per cell cycle. 
Developing a mathematical model of cell-mass dynamics during the cell cycle and 
exploiting thermodynamically-constrained flux balance analysis, we utilised the 
discovered patterns of major biosynthetic activities to infer the dynamic flux map of 
the core metabolism, in which the fluxes were suggested to markedly change during the 
cell cycle. To support this map, we experimentally confirmed that the glucose-
consumption rates alter during the cell cycle in the predicted manner. Expanding the 
picture of the metabolic oscillations, this work provides a comprehensive temporal 
description of metabolic activities during the cell cycle, and highlights that the cell 
growth is composed of multiple temporally-decoupled processes. The generated 
knowledge lays the basis to uncover the molecular system that is responsible for the 
oscillations, and to identify molecular interactions between metabolism and the cell 
cycle. 

INTRODUCTION  
Metabolism provides energy and building blocks for cell growth. Studies on 
synchronized yeast cultures revealed metabolic changes during the cell cycle [1–9]. Cell-
cycle-associated metabolic dynamics have also been detected in sorted and 
synchronized mammalian cell cultures [10–13]. Through dynamic measurements of 
NAD(P)H, ATP and flavins, metabolic changes over the cell cycle have recently been 
confirmed on the single-cell level [14,15]. 

Considering varying metabolic demands during the cell cycle, such as for DNA 
synthesis in the S phase, the oscillatory metabolic dynamics could be deemed a mere 
consequence of the cell cycle progression. However, confirming initial indications in 
synchronized cultures [16,17], recent single-cell measurements demonstrated that the 
metabolic oscillations on the hour scale are autonomous from the cell cycle, meaning 
that they also occur when the cell cycle is arrested [14]. In fact, we obtained evidence 
that a metabolic oscillator could exert control over the cell cycle in a system of coupled 
oscillators [18,19]. To understand how the metabolic oscillator exerts this cell-cycle 
control, it is now imperative to decipher the precise nature of the metabolic flux 
dynamics during the cell cycle and to identify from which metabolic pathways the 
oscillations actually emerge. 

With glucose-limited synchronized yeast cultures showing robust periodicity in oxygen 
consumption and in transcription of genes with mitochondrial function, the metabolic 
oscillations were implied to emerge in respiration. Moreover, high oxygen consumption 
was observed temporally isolated from DNA replication, supposedly preventing 
increased mutation rates [5,20,21]. However, this initial observation was later found 
strain or cultivation condition dependent [8,17]. Alternatively, because of dynamic 
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carbohydrate-storage accumulation and liquidation, storage turnover was also proposed 
as a cause of the metabolic oscillations [6,22,23]. Yet, given the metabolic oscillations 
exert cell-cycle control, this hypothesis is challenged by the recent reports in which 
multiple-gene disruptions targeting storage metabolism do not affect cell-cycle duration 
[9,24]. Finally, the metabolic oscillations were indicated to arise from periodic synthesis 
of biomass that would require core metabolism to provide precursors and energy 
concomitantly, that is, also in periodic fashion [25]. This hypothesis, however, would 
not be consistent with the prevailing notion on the way proteins are produced during 
the cell cycle. Specifically, in radioactive labelling experiments with yeast cultures and 
microscopic analyses of single cells, the protein biosynthesis rate was suggested to be 
monotonic: either to increase exponentially throughout the cell cycle [26–28] or to be 
constant [29,30]. Opposing this notion, we recently found that the rate of protein 
biosynthesis has a pulse in G1 [19]. As for other major biomass components, such as 
lipids, polysaccharides and RNA, the cell-cycle-dependent activity of their synthesis is 
basically uncharted, yet with indications of periodic dynamics [5,31–34]. Thus, the cause 
of the metabolic oscillations is essentially unclear. 

Here, using single-cell-level experiments with microfluidics and time-lapse fluorescence 
microscopy, we found that respiration and carbohydrate-storage turnover do not cause 
the metabolic oscillations. Instead, with a novel dynamic perturbation method, we 
discovered that the rates of protein, lipid and polysaccharide biosynthesis are not 
monotonic during the cell cycle. Intriguingly, we found that protein biosynthesis 
exhibits two waves of activity per cell cycle, with production of lipids and 
polysaccharides being low during the first wave in G1 but high around the second 
wave’s peak in S/G2/M. Incorporating the dynamic biosynthetic activities into 
thermodynamically-constrained flux balance analysis, we inferred the dynamic map of 
fluxes in core carbon and energy metabolism during the cell cycle. Experimentally 
confirming the predicted dynamics of glucose-uptake flux as well as providing clues 
that the pentose-phosphate-pathway and respiratory activities may change, we validated 
the inferred flux map. These results suggest that the temporal segregation between the 
syntheses of major biomass components differently pulling on core metabolism is the 
cause of the metabolic oscillations. The detailed account of how metabolic activities 
change over the cell cycle will now enable uncovering the molecular mechanisms behind 
the cell-cycle-autonomous metabolic oscillations and the ways they control cell cycle. 

RESULTS 
Respiration and carbohydrate-storage turnover do not cause the metabolic 
oscillations 
With single-cell-level experiments, we first aimed to test the hypothesis that the 
metabolic oscillations are caused by dynamics in respiration [5,20,21]. To this end, we 
decreased the oxygen level in the microfluidic device [35,36], in which we cultivated the 
cells of Saccharomyces cerevisiae. We monitored the signal of mCherry fused to the γ-
subunit Atp3 of ATP synthase, and found that this signal alters its normal aerobic 
dynamics and decreases to a lower steady level, indicating a microaerobic condition that 
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changes Atp3 expression or reduces mCherry maturation rate (Figure 1A). Here, under 
this condition, the NAD(P)H oscillations were not perturbed in any visible way, neither 
in the period nor amplitude (Figure 1A, dashed rectangle). Thus, in line with the recent 
observation that the oscillations of flavin fluorescence exist in gene-deletion mutants 
with impaired oxidative phosphorylation [15], our results exclude mitochondrial 
respiration as a cause of the metabolic oscillations. 

 

 

 

 

 

 

 

 

 

 

 

Figure 1. Respiration and carbohydrate-storage turnover do not cause the metabolic 
oscillations. A. NAD(P)H oscillations (blue) are unperturbed (dashed rectangle) in the 
microaerobic condition indicated by a disruption in the dynamics of the fluorescence of mCherry 
fused to the ATP synthase subunit Atp3 (red). Although mCherry is localised mostly to 
mitochondria in this strain, we calculated mCherry fluorescence as the average value of the entire 
mother cell’s pixels (to avoid confounding effects of segmenting mitochondria). The experiment 
is described in detail in Supplementary Materials and Methods. B. NAD(P)H oscillations exist 
in a strain with abolished carbohydrate storage metabolism (lacking the genes encoding two 
subunits of trehalose-6-phosphate synthase/phosphatase complex TPS1 and TPS2, without two 
paralogs encoding glycogen synthase GSY1 and GSY2). Supplementary Materials and Methods 
describe the CRISPR/Cas9-assisted creation of this quadruple gene deletion mutant. In A and 
B, the blue markers denote the detrended data of mother-cell-pixel-average NAD(P)H 
fluorescence (divided by the curve of LOWESS that uses 60 data points to fit a locally smoothing 
line), the thick curves represent the smoothing with LOWESS (6 data points to fit a locally 
smoothing line). The orange vertical lines correspond to budding events (in B, not every 
metabolic oscillation is accompanied by budding). 

 

To determine whether carbohydrate-storage turnover is responsible for the metabolic 
oscillations, as was earlier conjectured [6,22,23], we deleted four genes needed for 
trehalose and glycogen biosynthesis, namely, TPS1, TPS2, GSY1 and GSY2 [37], using 
CRISPR/Cas9 [38]. In this quadruple mutant, we observed NAD(P)H oscillations 
(Figure 1B), indicating that also the dynamics in carbohydrate-storage metabolism are 
not a cause of the metabolic oscillations. 
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Metabolic oscillations occur across growth conditions and thus may arise from 
biomass production 

Next, towards our aim of identifying the cause of the metabolic oscillations, we 
investigated if specific pathways of the core carbon and energy metabolism, e.g. 
glycolysis, generate them. If that was the case, then we would find the metabolic 
oscillations in some, but not other nutrient conditions. To this end, we cultivated cells 
in the microfluidic device with various nutrients, which are utilized through different 
metabolic pathways, and monitored the NAD(P)H dynamics. The growth media 
included a minimal medium with high glucose (fermentative metabolism) or with 
pyruvate (respiratory metabolism), the high-glucose minimal medium supplemented 
with lipids (fatty acids and cholesterol in lipid mixture, LM) or with amino acids and 
nucleobases (complete supplement mixture, CSM); we also cultivated cells in a high-
glucose complex medium (YPD). In all cases, we observed NAD(P)H oscillations 
(Figure 2A), indicating that they are likely not caused by a specific core metabolic 
pathway. Yet, these results led us to conjecture that the metabolic oscillations might 
originate in pathways required in each of these growth conditions, which are the 
pathways of biosynthetic processes. 

 

 

 

 

 

 

 
Figure 2. The metabolic oscillations exist in various growth conditions but are out of 
phase with each other among these conditions. A. NAD(P)H oscillations are present in cells 
growing in various media. Specifically, we cultivated cells in a minimal medium containing 1% 
glucose (Glu), 2% pyruvate (Pyr), the combination of 1% Glu with a lipid mixture (LM: 7 fatty 
acids, cholesterol, Tween-80, tocopherol, Pluronic F-68) or with a complete supplement mixture 
(CSM: 12 amino acids, 2 nucleobases); besides, we grew cells in the complex medium YPD with 
1% Glu. The curves and shaded areas represent the median values of the detrended NAD(P)H 
fluorescence and their 95%-confidence intervals, respectively. To calculate the phase, i.e. cell-
cycle-relative time, each time point of 𝑡 minutes between two adjacent budding events 

happening at 𝑡"#$%  and 𝑡"#$%&'  minutes is converted in the following way: ()(*+,
-

(*+,
-./ )(*+,

- . The 

corresponding values of the detrended NAD(P)H fluorescence are linearly interpolated at 100 
phase points, from 0 to 1, for which we calculated the median NAD(P)H fluorescence and 
obtained its confidence interval via bootstrapping with 5 000 iterations. The numbers of 
individual cell cycles (and single cells going through them) studied in each condition are 359 
(101) for 1% Glu, 266 (93) for 2% Pyr, 27 (9) for 1% Glu + LM, 261 (98) for 1% Glu + CSM 
and 124 (15) for 1% Glu YPD. We cultivated cells with the same medium in two consecutive 
exponentially growing batch cultures and afterwards in the microfluidic device, aside from the 
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case of 1% Glu + CSM to which cells were shifted after ~7 hours of growing on 1% Glu in the 
microfluidic device. Minimizing the probability that the adaptation to this shift confounds the 
cell-cycle-related NAD(P)H dynamics, for this analysis, we processed the NAD(P)H data after 
>4 hours of growing on 1% Glu + CSM. B. The frequency versus the phase of the crest and 
trough of the NAD(P)H oscillation. The frequency is determined as the inverse time difference 
between two adjacent buddings: '

(*+,
-./ )(*+,

- . The phase of the crest is identified as the phase in 

the range (-0.25, 0.5) at which the detrended and smoothed NAD(P)H fluorescence is maximal 
(negative phase values correspond to the time preceding 𝑡"#$% , the first of the two analysed 
adjacent buddings; these negative phase values are still derived via dividing by the time difference 
between the two analysed buddings 𝑡"#$%&' − 𝑡"#$% ). The phase of the trough is identified as the 
phase in the range (0.25, 1) at which the detrended and smoothed NAD(P)H fluorescence is 
minimal. The markers represent the median values in the corresponding conditions, the error 
bars show the 95% confidence intervals of the medians along the X- and Y-axes (bootstrapping 
with 5 000 iterations). The circular markers correspond to the data sets used in A. The diamond 
markers correspond to replicate cultivations in 1% Glu and 2% Pyr ((2) appended to the 
condition names) with the following numbers of analysed cell cycles (and cells): 155 (89) and 
193 (81), respectively. The cells cultivated in 1% Glu (2) were later shifted to 1% Glu + CSM 
with the corresponding data used in A and B. To show the relationship between the frequency 
and the phase of the crest or trough in single-carbon- and energy-source conditions, we plotted 
the diagonal lines derived from the regression of the median values corresponding to four 
cultivations in 1% Glu and 2% Pyr. The arrows indicate pronounced deviations from these lines, 
specifically, when confidence intervals of both median frequency and phase do not overlap with 
the closest line. The marked variability between the cells in 1% Glu and 1% Glu (2) is likely 
explained by the difference in light exposure and, hence, by different degrees of phototoxicity 
during the corresponding microscopy experiments (Supplementary Materials and Methods). The 
detrending and smoothing of the NAD(P)H fluorescence were performed before calculating 
phases in entire single-cell traces with the LOWESS method using the window sizes for local 
line fitting specified in Table S1. 

 

Seeking support for the idea that the metabolic oscillations may arise in the biosynthetic 
processes, we further inspected the characteristics of the NAD(P)H dynamics (Figure 
2A). Specifically, we compared the shifts in cell-cycle-relative time, or phase, among the 
NAD(P)H oscillations in different growth conditions. In four independent microfluidic 
cultivations of cells with high glucose and pyruvate, we observed that the phase of an 
oscillation’s crest or trough linearly increases with the oscillation’s frequency (Figure 
2B, diagonal lines), which corresponds to the previously discovered correlation across 
a range of conditions with one carbon and energy source [14]. Remarkably, providing 
either lipids (effectively, fatty acids as cholesterol is probably not imported due to 
aerobic sterol exclusion [39]) or amino acids with nucleobases (also in YPD) caused a 
deviation from this linear trend. In particular, the addition of amino acids and 
nucleobases decreased the phase of the trough, not affecting the phase of the crest, 
whereas the addition of lipids increased the phase of the trough, less strongly affecting 
the phase of the crest. Since the amino-acid and nucleobase addition shortens the time 
between the oscillation’s crest and trough, protein and nucleic-acid biosynthesis may 

< Figure 2 
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normally happen with relatively lower activity during this half of the metabolic 
oscillation. In contrast, since the lipid addition seems to speed up the other half of the 
metabolic oscillation, lipid biosynthesis may normally have lower activity there, that is, 
after the oscillation’s trough but before the next crest. 

Altogether, on the basis of these observations, we hypothesize that the production of 
biomass is not constant during the cell cycle, and that the synthesis of different biomass 
components, i.e. proteins, lipids, polysaccharides and nucleic acids, is, to some extent, 
temporally segregated. To satisfy the precursor and energy demands of these different 
biosynthetic processes, their temporally segregated activities will require rearrangements 
in the fluxes of the core carbon and energy metabolism. Thus, the metabolic oscillations 
could represent cyclic changes in the fluxes of core metabolism caused by the 
temporally segregated biosynthesis, with the oscillations in metabolite concentrations 
reflecting temporal flux imbalances. 

Biosynthesis of proteins, lipids and polysaccharides is partially temporally 
segregated 
To identify whether the biosynthetic processes are indeed – at least partially – 
temporally segregated during the cell cycle, we needed to determine their activities 
dynamically and in single cells. We first investigated how the activity of protein 
biosynthesis changes during the cell cycle, for which we built on our recent finding that 
the production rate of sfGFP driven by the endogenous TEF1 promoter has a peak in 
G1 [19]. Specifically, we expressed the same sfGFP, but this time from a heterologous 
and thus unregulated promoter (tetO7) such that sfGFP production solely depends on 
the activity of the protein-biosynthesis machinery. We recorded the signal of sfGFP 
and the cell volume over time in single cells growing in the microfluidic device, and 
derived the production rate of sfGFP via a mathematical model assuming first-order 
kinetics of maturation with the half-time of 6 minutes [40] (data processing visualised 
in Figures S1A,C-E). Defining cell-cycle phases, we used Whi5 rapidly entering the 
nucleus to denote mitotic exit and thus the beginning of G1, this protein rapidly leaving 
the nucleus to indicate START [41–44] whereas bud emergence (budding) to announce 
the beginning of S/G2/M [44,45].  

Here, we found that the sfGFP production rate exhibits a two-wave behaviour during 
the cell cycle (Figure 3A), with the first peak around START, similar to what we found 
in our recent report [19], the global minimum at budding (early S), the second peak in 
the middle of S/G2/M and a local minimum just before mitotic exit. Scrutinizing 
individual cell-cycle traces, we excluded the possibility that the two waves of 
accelerating protein biosynthesis appear separately in different cell cycles, but noticed 
that the timing of the second peak is more variable compared to the timing of the first 
(Figure 3B). Thus, the production rate of a heterologous-promoter-controlled 
fluorescent protein, reflecting protein biosynthesis activity, shows two waves during the 
cell cycle. 
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Figure 3. The biosynthesis of proteins, lipids and polysaccharides changes activity 
during the cell cycle, and is partially temporally segregated. (See the extended caption in 
Materials and Methods). A-B. The production rate of sfGFP expressed from the heterologous 
promoter tetO7 changes during the cell cycle, peaking twice. The cell-cycle traces of the sfGFP 
production rate were computed from fluorescence and cell-volume measurements, with 
accounting for the maturation of this fluorescent protein (see Supplementary Materials and 
Methods, Figures S1A,C-E). A. The dynamics of the sfGFP production rate in 25 cell-cycle 
traces summarised by the posterior mean (the curve) and the region of high posterior probability 
(the shaded area, mean +/- standard deviation) of the Gaussian process regression with radial 
basis function (RBF) kernel used as a prior. The analogous plot of the sfGFP production rate 
computed without accounting for the fluorescent-protein maturation is shown in Figure S1G. 
B. The dynamics of the sfGFP production rate in the 25 individual cell cycles presented 
separately. The analogous plot of the sfGFP production rate computed without accounting for 
the fluorescent-protein maturation is shown in Figure S1H. C. Measuring single-cell protein 
biosynthesis activity with the novel dynamic perturbation method by determining single-cell 
NAD(P)H response to cycloheximide (CYH). To determine the single-cell NAD(P)H response 
to CYH, we subtract from the measure of perturbation-associated momentary behaviour the 
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measure of normal behaviour at the same phase of the cell cycle indicated with 𝜃"#$2  (this 
subtraction is assumed to remove the contribution of NAD(P)H dynamics characteristic to this 
cell-cycle phase, which allows to reveal the actual NAD(P)H response to the perturbation). In 
addition, we multiply this difference by -1 if population-average NAD(P)H signal drops as a 
response to perturbation (which is the case for CYH addition (Figures S3A)). D. The NAD(P)H 
response to cycloheximide (CYH), a proxy for protein biosynthesis activity, varies during the 
cell cycle, peaking twice. The markers correspond to single cells analysed in one replicate 
experiment. The solid curve and shaded area represent the posterior mean and the region of 
high posterior probability (mean +/- standard deviation) of the Gaussian process regression 
summarizing the values of the markers with the help of RBF kernel used as a prior. The dashed 
curve is the posterior mean obtained via the same data analysis pipeline in the second replicate 
experiment, for which we do not provide the single-cell values here for the sake of simplicity 
but indicate the number of analysed cells. E. The NAD(P)H response to cerulenin (CER), 
reflecting lipid biosynthesis activity, varies during the cell cycle. The population-level response 
to CER is shown in Figures S3B. F. The derivative of the cell surface area changes during the 
cell cycle, similarly to the activity of lipid biosynthesis (E). The plot is built analogously to A, 
summarising 25 cell-cycle traces. The derivative was calculated in smoothed single-cell traces of 
cell surface area with cytokinesis-associated discontinuity tackled by the translation of the data 
of neighbouring cell cycles (Supplementary Materials and Methods, Figure S1B). G. The 
NAD(P)H response to the auxin-induced Ugp1 depletion, reflecting cell wall polysaccharide 
biosynthesis activity, changes during the cell cycle. The synthetic auxin 1-naphthaleneacetic acid 
(NAA) was used to induce the Ugp1 depletion. The population-level response to Ugp1 depletion 
is shown in Figures S3C. The NAD(P)H response to NAA in the control strain lacking the 
degron tag is constant during the cell cycle (Figure S2C). H. The derivative of the cell volume 
changes during the cell cycle reaching two local peaks of different height. The plot is built 
analogously to A summarising 25 cell-cycle traces. The derivative was calculated from smoothed 
single-cell traces of cell volume with cytokinesis-associated discontinuity tackled by the 
translation of the data of neighbouring cell cycles (Supplementary Materials and Methods, Figure 
S1A). I. The amount of sfGFP produced per cell-volume increment changes during the cell 
cycle, showing the changing level of coupling between protein biosynthesis activity and cell-
volume growth. The curve was calculated as the ratio of the mean sfGFP production rate (A) 
and the mean derivative of cell volume (H). 

 

To have an independent assessment of the protein biosynthesis dynamics and a tool to 
measure activities of also other biosynthetic processes, we devised a new method, in 
which we exploited our capability to monitor NAD(P)H level in single cells dynamically 
(Figure 3C). In this method, we abruptly halt the activity of a particular enzyme or 
molecular machine, for instance, with an inhibitor, in cells asynchronously growing in 
the microfluidic device and measure their instantaneous responses to this perturbation 
in terms of the NAD(P)H dynamics. If the perturbed enzyme was active in a cell at the 
moment of the inhibitor addition, then this will result in the accumulation of the 
enzyme’s substrates and the depletion of its products, with these changes further 
propagating to up- and downstream reactions, some of which involve NAD(P)H. The 
strength of the perturbation-induced change in the NAD(P)H level can serve as a proxy 
of the enzyme’s activity at the moment of the perturbation. A detailed description of 

< Figure 3 
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this method’s assumptions and the single-cell data analysis pipeline can be found in 
Supplementary note 1, and in Supplementary Materials and Methods. 

Applying this method to determine the protein biosynthesis activity at different cell-
cycle phases, we used the inhibitor cycloheximide (CYH) to halt translation in cells that 
had produced at least two buds before the perturbation (i.e. not in new-born cells). 
Here, in qualitative agreement with sfGFP production rate (Figure 3A,B), we found 
that the NAD(P)H response to CYH also follows two waves during the cell cycle, with 
the first peak around START, the global minimum at budding (early S), the second peak 
~30 minutes after budding and the local minimum ~15 minutes before the expected 
mitotic exit (Figure 3D). This local minimum coincides with karyokinesis (Figure S4) 
and may be analogous to the mitotic block of protein biosynthesis in animal cells [46–
49].  

The agreement between two independent assessments of the protein production 
dynamics, on the one hand, validated the dynamic perturbation method to infer 
instantaneous metabolic activity. More importantly, however, opposing the current 
notions [26–30] and extending our recent finding in G1 [19], via two independent 
experimental approaches, we revealed that protein biosynthesis has two activity waves 
during the cell cycle, one peaking around START and the other in the middle of 
S/G2/M. 

To estimate the activity of lipid biosynthesis during the cell cycle, we again used the 
dynamic perturbation method, this time with the inhibitor cerulenin (CER) targeting 
the fatty acid synthase [50]. We found that the NAD(P)H response to CER is also not 
constant during cell cycle. In particular, it is low between START and budding, and has 
a peak in the middle of S/G2/M (Figure 3E). Remarkably, we obtained a similar 
temporal behaviour in the dynamics of the derivative of the cell surface area (Figure 
3F). Assuming the surface area to correlate with plasma-membrane lipid mass, its 
derivative could serve as a proxy for the lipid biosynthesis activity. Together, these data 
suggest that in G1, when protein biosynthesis is highly active (Figure 3A,B,D), lipid 
biosynthesis has the lowest activity. Thus, in G1, these two biosynthetic processes are 
temporally segregated, while in S/G2/M they both peak together. 

Polysaccharides represent another significant biomass component, with β-1,3-, β-1,6-
glucans, mannan and chitin building the cell wall [51] accounting for more than a third 
of the yeast dry weight [52], and with trehalose and glycogen forming storage reaching 
under some conditions more than 20% of the dry weight [53]. To estimate the activity 
of polysaccharide biosynthesis, we again used the dynamic perturbation method, now 
not with an inhibitor, but with the auxin-inducible degron system [54,55] to dynamically 
deplete Ugp1, the enzyme synthesizing UDP-glucose [56], the precursor for β-glucans 
[57], trehalose and glycogen [37]. Here, we found that the NAD(P)H response to auxin-
induced Ugp1 depletion is low in G1 but high in S/G2/M (Figure 3G), while the 
response to auxin alone in a control strain, which lacked the degron tag, is almost 
constant (Figure S2C). Since there is minor production of trehalose and glycogen under 
high glucose conditions [37,58,59], in our experiments, the recorded NAD(P)H 
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response to Ugp1 depletion primarily reflects the activity of the synthesis of β-glucans, 
the major component of the cell wall [51]. Indeed, the response to Ugp1 depletion is 
similar to the derivative of the cell surface area (Figure 3F), assumed proportional to 
the cell-wall construction rate. Thus, like lipids, cell wall polysaccharides seem to be 
predominantly produced in S/G2/M, when the bud grows.  

To independently confirm that the partial temporal segregation of the biosynthetic 
processes exists, we asked if it could explain the complex dynamics of cell volume 
during the cell cycle. Specifically, we observed that the cell-volume derivative has two 
maxima of different heights per cell cycle, a lower one in G1 and a higher one in 
S/G2/M, with a pronounced drop between them at budding when the cell size barely 
increases (Figures 3H). The activity of protein biosynthesis with its two bursts separated 
by the slow-down at budding (Figures 3A,B,D) likely contributes to this dynamics of 
cell volume, since newly synthesized proteins attract water due to osmosis as well as are 
large molecules by themselves. Nevertheless, we found that protein-biosynthesis 
activity and cell-volume increase are not strongly coupled during the cell cycle as there 
is almost twice more new sfGFP produced per unit of cell-volume increment in G1 
versus the second half of S/G2/M (Figures 3I), which opposes an existing notion 
[28,60,61] but is in line with recent observation in cell-cycle arrests [62] and our finding 
in G1 [19]. The insufficient cell-volume increase in G1 is probably caused by the 
minimal cell-surface-area expansion rate (Figures 3F), which is, in turn, likely explained 
by the low activity of lipid and polysaccharide biosynthesis in this part of the cell cycle 
(Figures 3E,G). On the contrary, high activity of lipid and polysaccharide biosynthesis 
in S/G2/M (Figures 3E,G) allows the cell-surface area to rapidly expand (Figures 3F) 
and, thereby, the cell volume to inflate (Figures 3H). The discrepancy between protein-
biosynthesis activity and cell-volume increase could explain the oscillations of cell 
density ramping up in G1 but falling after budding, in S/G2/M [63–65]. 

Thus, the discovered partial temporal segregation among the biosynthetic processes 
may determine the cell-volume dynamics, uncouple cell-volume increase from protein 
biosynthesis activity as well as alter cell density during the cell cycle. 

Model-based analysis of cell-cycle-dependent biosynthetic rates 
To understand how the fluxes of core metabolism should change during the cell cycle 
to sustain the temporally segregated biosynthetic processes, we aimed to use flux 
balance analysis (FBA). In order to do so, however, we first needed to convert the 
dimensionless activities of protein (Figure 3D), lipid (Figure 3E) and polysaccharide 
(Figure 3G) biosynthesis into the rates expressed in absolute units, such as  𝑝𝑔/𝑚𝑖𝑛. 
Besides, we needed to infer these rates for the biosynthesis of remaining major biomass 
components, namely, DNA and RNA. 

To this end, we formulated a mathematical model that describes the dynamics of cell 
mass and its composition throughout the cell cycle (Figure 4A). In this model, we solved 
the optimization problem of maximising the similarity between two time-resolved 
estimates of cell mass relying on different sources, referred to as integral and composite 
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estimates (Figure 4A and Figure S5A). The integral estimate of cell mass was established 
by multiplying our dynamic cell-volume measurements and literature-derived cell 
densities [64] at corresponding cell-cycle phases (Figure S5B). We assembled the 
composite estimate with the time-dependent masses of (i) major biomass components 
and (ii) water in their hydration shells, whose size was constrained according to 
literature, and with (iii) the remaining mass scaling with cell volume (Figure S5C). The 
cell-cycle-average fractions of major biomass components and water in the composite 
estimate of cell mass were constrained to values derived from population-level studies 
(Figure S5D). At every cell-cycle phase, we equated the mass of each major biomass 
component to (i) its desired 𝑝𝑔/𝑚𝑖𝑛-expressed biosynthetic rate integrated from the 
latest mitotic exit till this phase, plus (ii) the component’s mass that was already in the 
mother compartment of the cell at the mitotic exit (Figure S5C,E). To get the 𝑝𝑔/𝑚𝑖𝑛-
expressed rates of protein, lipid and polysaccharide biosynthesis, we multiplied the 
curves of the corresponding dimensionless activities by proportionality constants, after 
translating these curves within their uncertainty bounds (Figure S5F). 

To infer the rates of DNA and RNA biosynthesis, we introduced into the model several 
assumptions based on literature-derived knowledge and on additional measurements 
(Figure S5C,E). Specifically, we assumed that DNA replication has a constant rate, 
beginning at budding [28,45,66] and ending at karyokinesis, the occurrence of which 
was identified as the rapid decrease of the amount of the histone protein Hta2 tagged 
with a fluorescent protein in the mother cell (Figure S4). Further, we assumed that the 
biosynthetic rate of rRNA, the most abundant RNA type, is proportional to the rate of 
protein biosynthesis during its first wave, that is, after karyokinesis and during G1, 
considering transcriptomics-inferred single peak of ribosome biogenesis [5,32] and its 
relevance for START [67]. The biosynthesis of rRNA after G1 and before the next 
karyokinesis as well as the production of other, less abundant RNA during the whole 
cell cycle were assumed constant due to the lack of knowledge. 

To account for the initial cell mass that is inherited from the previous cell cycle, we 
specified in the model that a fraction of cell mass in the end of the cell cycle becomes 
the initial cell mass in the beginning of the cell cycle (Figure S5G). In particular, 
assuming that protein and RNA masses are homogeneously distributed in cell volume, 
we set the measured proportion between the volumes of the mother compartment and 
the whole cell at mitotic exit as the fraction linking the mass of proteins or RNA in the 
beginning and end of the cell cycle. In case of lipids and polysaccharides, this fraction 
was based on the cell-surface-area proportion at mitotic exit. To further constrain the 
initial cell mass, we forced the protein concentration, that is, the ratio between its mass 
and volume, to increase in the beginning and decrease in the end of the cell cycle (Figure 
S5H), which was observed for the GFP fluorescence reflecting the protein 
concentration (Figure S1C).  
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Figure 4. A mathematical model of cell mass during the cell cycle derives the rates of 
major biosynthetic processes expressed in absolute units from dimensionless activity 
measurements. A. The mathematical model consolidates single-cell measurements, such as the 
activities of protein, lipid and polysaccharide biosynthesis, cell volume, fractions of mother-cell 
volume and surface in the whole cell, timing of cell-cycle events, incorporates literature-derived 
knowledge of cell-density dynamics and cell-mass composition, and produces the biosynthetic 
rates of five major biomass components expressed in absolute units. In the centre of this model, 
we minimise the distance between two estimates of cell mass computed from different sources, 
which are indicated with the dotted arrows. The shaded areas represent uncertainties within 
which the corresponding variables are allowed to move along the Y-axes (translation). The 
extensive description of the model is given in Supplementary Materials and Methods, and in 
Figure S5 presenting the values of almost all variables after the minimization of the distance 
between the cell-mass estimates. B. Relative metabolic demands for the biosynthesis of five 
major biomass components throughout the cell cycle. To calculate the relative metabolic 
demands, we divide individual biosynthetic rates by their sum at each phase of the cell cycle 
(total biomass synthesis rate 𝑟:%;<=>>(𝑡), see C). We use these relative metabolic demands to 
formulate the biomass-production reaction in FBA. C. Total biomass synthesis rate 𝑟:%;<=>>(𝑡) 
during the cell cycle. To compute it, we summed up the rates of protein, RNA, lipid, 
polysaccharide and DNA biosynthesis at each phase of the cell cycle.  

 

In summary, we developed a model that integrates diverse single-cell measurements and 
literature-derived knowledge to describe cell mass through the cell cycle and to infer 
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the 𝑝𝑔/𝑚𝑖𝑛-expressed (fully quantitative) biosynthetic rates for five major biomass 
components, namely, proteins, lipids, polysaccharides, DNA and RNA. On the basis 
of these rates, we computed momentary relative metabolic demands for the synthesis 
of the five major biomass components (Figure 4B) as well as obtained the total biomass 
synthesis rate (Figure 4C), which are needed for FBA-assisted modelling of metabolism 
(see below). 

Core metabolic fluxes are predicted to change providing for temporally 
segregated biosynthesis 

To predict how the fluxes of the core carbon and energy metabolism would change 
during the cell cycle to meet the discovered temporally segregated biosynthetic 
demands, we employed and modified the recently developed thermodynamic-
stoichiometric model of metabolism, which was shown to infer intracellular fluxes and 
physiology with high accuracy on the population level [68]. First, we dissected the bulk 
biomass-production equation of this model into five equations defining the production 
of proteins, lipids, cell-wall polysaccharides, RNA and DNA (due to the high-glucose 
condition, we considered no carbohydrate storage [37,58,59]). We maintained a 
biomass-production reaction in the model, however, this reaction was designed to have 
only the five major biomass components as substrates and the biomass as the product. 
Second, we identified the standard Gibbs formation energies of metabolites as well as 
of the major biomass components, and standard Gibbs energies of reactions through 
regression analyses as described previously [68], using the physiological and 
metabolome data from eight glucose-limited chemostat cultures with different dilution 
rates [69]. 

Third, at specific moments in the cell cycle, we used the relative metabolic demands of 
the synthesis of the biomass components (Figure 4B) to make the coefficients for the 
components in the biomass-production equation of the model. Fourth, for each 
discrete moment in the cell cycle, we assumed a steady state and ran an FBA simulation 
with the model where we defined the respective substrate coefficients of the biomass-
production equation. We constrained the FBA simulations by the cellular limit of the 
Gibbs energy dissipation rate −12.3	𝑘𝐽	𝑔𝐷𝑊)'ℎ)', which was found to govern yeast 
metabolism [68], and maximized the flux of the biomass-production reaction as the 
objective.  

Contrarily to [68], we did not use population-level data to set bounds for variables 
(fluxes, concentrations, Gibbs energies of reactions), to prevent biasing simulations 
during the cell cycle. Towards identifying optimal solutions in this large non-convex 
and non-linear solution space, we ran the simulations for 24 hours with multiple starts 
at different points. Through these simulations, we identified the flux distribution in core 
metabolism for each discrete moment 𝑡 of the cell cycle, with the fluxes 𝑣%L"M(𝑡), 𝑖 ∈
𝑟𝑒𝑎𝑐𝑡𝑖𝑜𝑛𝑠, being related to the gram of biomass produced (𝑔𝐷𝑊), that is, measured 
in 𝑚𝑜𝑙	𝑔𝐷𝑊)'ℎ)'. 
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To relate the FBA-derived flux distributions to the cell, that is, to describe the fluxes in 
𝑚𝑜𝑙	𝑐𝑒𝑙𝑙)'ℎ)' (𝑣%2VWW(𝑡)), we normalised the FBA-derived fluxes 
𝑣%L"M(𝑡)	[𝑚𝑜𝑙	𝑔𝐷𝑊)'ℎ)'] by the respective simulated biomass-production flux 
𝑣:%;<=>>L"M (𝑡)	[ℎ)'], and multiplied the result by the actual total biomass synthesis rate 
𝑟:%;<=>>(𝑡)	[𝑔𝐷𝑊	𝑐𝑒𝑙𝑙)'ℎ)'] inferred in the cell-mass mathematical model (Figure 
4C).  

Here, we found that the predicted fluxes of the core metabolism 𝑣%2VWW(𝑡) markedly 
change during the cell cycle (Figure 5A-C). Specifically, the fluxes of glucose uptake and 
glycolysis were inferred to be high in G1, to diminish for the biggest part of S/G2/M 
right after budding and to increase back towards mitotic exit (Figure 5A). Interestingly, 
we observed that the high glucose consumption in G1 and around mitotic exit is 
accompanied by a high ethanol production (Figure 5A). When glucose uptake decreases 
after budding, pentose phosphate pathway (PPP) was predicted to increase for ~30 
minutes (Figure 5B). We also inferred that mitochondrial respiration intensifies in 
S/G2/M when glucose uptake is low. Such temporal behaviour of the inferred fluxes 
seems to be dominated by protein biosynthesis around mitotic exit and in G1, and by 
DNA biosynthesis after budding during the biggest part of S/G2/M (Figure 4A,B). 
Thus, if the cell prepares building blocks and energy according to instantaneous 
demands from biosynthetic process, as we hypothesised and modelled it in FBA, then 
the core metabolism should alternate wasteful and efficient modes during the cell cycle, 
associated with high and low glucose consumption. 

Glucose uptake rate, the activity of pentose phosphate pathway and 
mitochondrial membrane potential may change during the cell cycle 
To validate the inferred dynamic flux map of the core metabolism, we aimed to measure 
the glucose uptake rate during the cell cycle, considering that this flux governs the 
magnitude of all fluxes in the whole metabolism. Specifically, in the microfluidic 
chamber with cells growing asynchronously on glucose, we gave a several-minute pulse 
of 2-NBDG, a fluorescent non-metabolizable analogue of glucose (Figure S6B). Due 
to the competition between glucose and 2-NBDG for the transporters [70], cells were 
cultivated with a lower glucose concentration (0.015%). Since all cells were exposed to 
2-NBDG for the same amount of time, we used the acquired intracellular fluorescence 
as a proxy to determine the glucose uptake rate at different cell-cycle phases.  

Here, we found that the acquired intracellular fluorescence after the 2-NBDG pulse, 
likely reflecting the glucose uptake rate, varies depending on the cell-cycle phase at 
which the cells were given the pulse (Figure 5D). Particularly, the glucose uptake rate 
peaks at mitotic exit, has low values around budding and then increases toward the next 
mitotic exit (Figure 5D). Due to the use of the lower glucose concentration, which 
increased the cell-cycle duration (Figure S6A), only a qualitative comparison is possible 
between the experimental glucose-uptake pattern and the one inferred in FBA using 
data obtained with the higher extracellular glucose level (Figure 5A versus 5D). 
Nevertheless, qualitatively, the measured and inferred glucose uptake rates behave 



 46 

similarly during the cell cycle, peaking around mitotic exit and dropping at budding, 
which coincides with the recently discovered pattern of glycolysis during the cell cycle 
measured with a novel glycolytic-flux biosensor [71]. 

Towards a more detailed view on flux changes in the core metabolism during the cell 
cycle, we set out to assess the flux of the oxidative branch of PPP. Specifically, we used 
the dynamic perturbation method, in which we depleted the glucose-6-phosphate 
dehydrogenase Zwf1 with the auxin-inducible degron system. Here, we found that the 
NAD(P)H response to Zwf1 depletion may change during cell cycle, being high 
throughout G1 including budding and low around 20 minutes before the expected 
mitotic exit (Figure 5E). This experimental pattern confirms the predicted drop of the 
PPP flux at the end of S/G2/M (Figure 5B). The discrepancy between the experimental 
and inferred patterns in G1 can be attributed either to FBA not reaching the optimal 
solution in the largely unconstrained solution space or to the dynamic perturbation 
method measuring the activity indirectly and hence possibly being confounded 
(similarly to studying biosynthetic activities, alternative methods are required). 
Nevertheless, there is an indication that the flux of the oxidative branch of PPP may 
change during the cell cycle. 

Finally, according to the inferred dynamic flux map, the activity of mitochondrial 
respiration changes during the cell cycle, peaking in S/G2/M (Figure 5C). To find 
experimental evidence for this prediction, we set out to estimate the mitochondrial 
membrane potential (MMP) during the cell cycle with the biosensor MitoLoc [72], 
whose data processing was modified to overcome non-linearity and heteroscedasticity 
in a cell’s pixel intensity distribution (Figure S7A). We found that MMP has higher 
values in pyruvate-grown cells with maximal respiration [73] than in fermenting cells 
growing on high glucose (Figure S7B), suggesting that MMP may signal mitochondrial 
respiratory activity in some conditions. Monitoring MMP in single cells on high glucose 
during the cell cycle, we found that MMP is actually higher in G1 than in S/G2/M 
(Figure 5F), which is opposite to the inferred flux pattern of the respiratory chain. This 
observation, however, does not negate the inferred flux pattern because MMP is not a 
flux but rather a state variable. Alternatively, the fact that MMP changes during the cell 
cycle indicates that mitochondrial fluxes associated with MMP must change. 

Thus, experimentally assessing glucose-uptake flux and glycolytic flux [71], we partially 
validated the FBA-derived dynamic flux map of the cell cycle, which provides evidence 
that the temporally segregated biosynthetic processes rewire the fluxes of the core 
metabolism by changing demands in building blocks and energy. Measuring other fluxes 
of the core metabolism, for example, in PPP and respiratory pathways, during the cell 
cycle is still required. Besides studying fluxes of the core metabolism, we also found 
clues for the temporal segregation of biosynthetic processes leading to metabolite-level 
changes (Supplementary note 2, Figures S8 and S9).  
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Figure 5. Fluxes of the core carbon and energy metabolism may change during the cell 
cycle. A-C. Predicted fluxes of selected reactions and pathways of the core metabolism during 
the cell cycle (elements of the dynamic flux map of the core metabolism). To get these fluxes, 
we run separate FBA simulations (corresponding to the markers) at 17 cell-cycle phases with the 
respective biomass-production equations defined using the momentary metabolic demands for 
the synthesis of five major biomass components (Figure 4B). The flux units are related to the 
cell (𝑣%2VWW(𝑡), see more details in the text). In A, the flux of glycolysis is the flux of fructose-
bisphosphate aldolase. In B, the flux of the oxidative branch of PPP is the flux of glucose-6-
phosphate dehydrogenase. In C, the flux of respiratory chain is the flux of cytochrome c oxidase. 
The dashed vertical lines denote the typical cell-cycle phases of the major cell-cycle events 
(Figures 3D, 3E, 3G). D. The acquired intracellular fluorescence after a several-minute pulse of 
the glucose analogue 2-NBDG, which likely reflects the glucose uptake rate, changes along the 
cell cycle. The solid line and shaded area denote the posterior mean and region of high posterior 
probability (mean +/- standard deviation) of the Gaussian process regression. The plot is built 
analogously to Figure 3D. As a result of log marginal likelihood maximisation, the length-scale 
parameter of the Gaussian process’ radial-basis function (RBF) kernel became 25.5, given the 
initially provided range [12, 36]. Supplementary Materials and Methods provide details on the 
experimental procedure and data analysis. We ensured that the order of microscopy imaging (the 
time passed after the pulse until the first imaging afterwards) does not explain the pattern (Figure 
S6C). E. The NAD(P)H response to the auxin-induced depletion of glucose-6-phosphate 
dehydrogenase Zwf1, likely reflecting the activity of the oxidative branch of pentose phosphate 
pathway (PPP), changes during the cell cycle. The synthetic auxin 1-naphthaleneacetic acid 
(NAA) was used to induce the Zwf1 depletion. The plot is built analogously to Figure 3D. As a 
result of log marginal likelihood maximisation, the length-scale parameter of the Gaussian 
process’ RBF kernel became 36, given the initially provided range [12, 36]. The population-level 
response to Zwf1 depletion is shown in Figures S3D. The NAD(P)H response to NAA in the 
control strain lacking the degron tag is constant during the cell cycle (Figure S2C). E. The 
mitochondrial membrane potential (MMP) estimated with the sensor MitoLoc changes during 
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the cell cycle. The curve and the shaded area represent the mean and its 95%-confidence interval, 
respectively, computed across the indicated number of cell-cycle traces. The duration of each of 
these cell cycles is smaller or equal to 120 minutes, and on average equal to 99.2 minutes. To 
align the cell-cycle traces and calculate the phase, each time point of 𝑡 minutes between two 
adjacent budding events happening at 𝑡"#$%  and 𝑡"#$%&'  minutes was first converted in the 

following way: 𝜑 = ()(*+,
-

(*+,
-./ )(*+,

- . Afterwards, the corresponding values of the estimated MMP 

were linearly interpolated at 100 phase points, from 0 to 1, for which we calculated the mean 
MMP estimate and obtained its confidence interval via bootstrapping with 5 000 iterations. 
Finally, assuming that the time between mitotic exit (ME) and budding accounts for 0.33 of one 
cell cycle, we transformed the phase in the following way: 𝜑\ = 𝜑 + 0.33	𝑖𝑓	𝜑 ∈ [0,0.67];𝜑 −
0.67	𝑖𝑓	𝜑 ∈ (0.67,1]. We used Spearman’s correlation coefficient as the sensor’s readout of 
GFP and mCherry co-localisation since the relationship between the pixel intensity values in the 
corresponding microscopy channels is not linear and homoscedastic (Figure S7A). Higher values 
of the mitochondrial membrane potential may be associated with higher mitochondrial 
respiratory activity in some conditions (Figure S7B).  

 

DISCUSSION 
By analysing single-cell NAD(P)H responses to targeted perturbations of biosynthetic 
processes at different moments in the cell cycle as well as by measuring the rates of 
fluorescent-protein production and surface-area expansion in single cells, we uncovered 
how the activities of biosynthetic processes are organised in time. We revealed that the 
protein biosynthesis activity has two waves per cell cycle while lipid and polysaccharide 
biosynthesis activities synchronously oscillate once (Figures 3A-G). Consolidating the 
uncovered cell-cycle patterns of the biosynthetic processes as well as other diverse 
single-cell measurements and literature-derived knowledge, we developed a 
mathematical model that quantitatively describes cell mass and its composition during 
the cell cycle (Figure 4). With this information provided to the recently developed 
thermodynamic-stoichiometric model of metabolism, we inferred the cell-cycle-
associated flux map in which the core metabolism was predicted to alternate wasteful 
and efficient modes (Figures 5A,C). In agreement with this flux map, we discovered 
that the glucose-uptake flux oscillates during the cell cycle, peaking around mitotic exit 
and decreasing around budding (Figure 5D). Considered together, this evidence 
supports the idea that the hour-scale metabolic oscillations represent cyclic changes in 
the fluxes of the core metabolism caused by the temporally segregated biosynthesis 
requiring different resources in timely fashion. On the contrary, other conjectures, in 
which the metabolic oscillations originate in carbohydrate-storage turnover or 
mitochondrial respiration, did not find enough support in our single-cell-level analysis 
(Figure 1).  
The discovered two-wave behaviour of protein biosynthesis (Figures 3A,B,D) activity 
opposes the current notion of its monotonic, non-periodic dynamics during the cell 
cycle which emerged from early studies using radioactive labelling [26,27,29] and from 
more recent microscopy observations of fluorescent proteins [28,30]. Given cell-to-cell 

< Figure 5 



 49 

variability of the protein biosynthesis activity even at the same moment in the cell cycle 
(Figure 3A-B), insufficient cell-cycle synchronization of cell populations and sampling 
with relatively long exposure to radioactive compounds may have averaged out the 
existing two-wave behaviour of protein biosynthesis in the early studies [26,27,29]. On 
the other hand, the reported microscopy observations of fluorescent proteins whose 
expression was controlled by an endogenous promoter, e.g. pACT1-DsRed [28] or 
pGAL1-yEVFP [30], may have revealed the promoter-specific dynamics of protein 
biosynthesis rather than what happens with the bulk protein biosynthesis during the 
cell cycle. Nevertheless, in one of these studies [30], despite the authors’ claim about 
protein biosynthesis rate being constant during the cell cycle, one could notice a 
reproducible drop of the fluorescent-protein production rate around budding, which 
was found in our work. Consistently, in an earlier study with glucose-limited chemostat 
cultures, the rate of protein biosynthesis was observed to fall close to zero in the first 
half of the S phase [25].  

The first peak in the discovered two-wave behaviour of protein biosynthesis is 
supported by the upregulated transcription of genes encoding ribosomal proteins and 
proteins associated with translation in G1 [5,32]. If ribosomes are synthesized in G1 
causing the first peak of protein biosynthesis, we conjecture that, after an inhibition of 
their activity around budding (early S), the ribosomes are activated again to produce the 
observed second peak in the middle of S/G2/M. The discovered slow-down of protein 
biosynthesis around karyokinesis may be analogous to the mitotic block of protein 
biosynthesis in animal cells [46–49]. Thus, backed by scattered observations in existing 
literature, the results presented in this work should stimulate questioning the existing 
notion of the monotonous protein biosynthesis during the cell cycle. 

Our finding that the activity of lipid and cell-wall-polysaccharide biosynthesis changes 
during the cell cycle, particularly, accelerating in S/G2/M (Figures 3E-G), is in line with 
other data from the literature. Specifically, the cells of the temperature-sensitive mutant 
of acetyl-CoA carboxylase Acc1, a crucial enzyme in fatty acid biosynthesis, were 
reported to be arrested in G2/M under a restrictive temperature [31]. Besides, the 
translational efficiency of mRNAs encoding lipogenic enzymes (Acc1, Fas1, Fas2) as 
well as the transcription of the fatty acid elongase Elo2 involved in sphingolipid 
biosynthesis were found to increase in G2/M [32]. In fission yeast, temperature 
inactivation or pharmacological inhibition of fatty acid biosynthesis impairs mitosis 
leading to unequal sizes of daughter nuclei [74]. Moreover, de novo formation of lipid 
droplets containing neutral triacylglycerols intensifies throughout G2 in fission yeast 
[75]. In human cells, it was reported that the translation of mRNAs expressing enzymes 
of lipid metabolism peaks in mitosis [48,49] as well as de novo synthesis of fatty acids 
accelerates in the same cell-cycle phase [76]. Overall, according to reports from different 
organisms and our finding in yeast, lipid biosynthesis in the eukaryotic cell seems to be 
associated with the second half of the cell cycle, towards mitosis. 

As for polysaccharides, in pulse-labelling experiments with S. cerevisiae, it was found that 
the rate of glucan and mannan biosynthesis increases after budding (S/G2/M), and 
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drops at cytokinesis and in the pre-budding phase (G1) [33]. Genes involved in the cell-
wall biosynthesis are transcribed periodically with a peak in late-G1/S transition 
[34,77,78], indicating that the peak in the abundance and, perhaps, activity of the 
corresponding enzymes would be later, in S/G2/M. Thus, our results do not contradict 
the limited literature knowledge that the cell-wall polysaccharides are made in yeast with 
the highest activity in the later part of the cell cycle. In this work, we showed that 
biosynthetic activities (Figures 3A-B,D-E,G), cell-surface area (Figure 3F), cell volume 
(Figures 3H-I) and cell mass (Figure 4A) have different temporal dynamics. The 
existence of such decoupling among fundamental processes underlying cell growth 
should make the usage of the term “cell growth” more careful since it does not stand 
for one process only. 

We predicted and partially confirmed that the core metabolic fluxes markedly alter 
during the cell cycle to satisfy temporally segregated biosynthetic demands in timely 
fashion. Interestingly, the difference between the predicted flux distributions in G1 and 
in the middle of S/G2/M (Figures 5A,C) matches the physiological changes observed 
in glucose-limited chemostat cultures associated with different glucose uptake rates. 
Specifically, G1 metabolism looks similar to the one of a chemostat culture that 
consumes glucose and excretes ethanol with high rates as well as has a low oxygen 
uptake rate [69]. On the contrary, the core metabolism in the middle of S/G2/M seems 
to mimic another chemostat culture, the one with lower rates of glucose uptake and 
ethanol excretion but with a higher oxygen uptake rate compared to the first culture 
[69]. Thus, going through the cell cycle, the cell may alternate metabolic operations that 
exist on the population level under different cultivation conditions. 

Temporally segregated biosynthetic processes may change not only the core metabolic 
fluxes but also metabolite levels. As a necessary requirement for this statement, 
NAD(P)H oscillations disappear after the inhibition of biosynthetic processes (Figure 
S8A-C). As an indication that the lipid and polysaccharide biosyntheses lead to 
NAD(P)H depletion during the cell cycle, we observed a strong anticorrelation between 
the derivatives of the cell surface area and NAD(P)H level (Figure S9B-C, 
Supplementary note 2) as well as an NAD(P)H build-up when these biosynthetic 
processes are inhibited (Figure S3B-C). Moreover, if we assume that temporally 
segregated biosynthetic processes cause the NAD(P)H oscillations, we can explain the 
effects of amino-acid and lipid supplementation on these oscillations (Figure 2B). 
Specifically, the fact that amino-acid addition forces NAD(P)H oscillations to hit the 
trough earlier (Figure 2B) could be explained by our exogenous accelerating of protein 
biosynthesis activity that normally has a drop around karyokinesis (Figures 3A,D) close 
the NAD(P)H oscillation’s trough. Similarly, shortening the relative time between the 
NAD(P)H oscillation’s trough and crest by lipid supplementation (Figure 2B) may be 
due to our providing additional resources for the low lipid biosynthesis activity normally 
happening in G1 (Figure 3E) that covers the time between the through and the crest. 
Overall, there is a collection of observations indicating that the temporally segregated 
biosynthetic processes may cause the NAD(P)H oscillations. 
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What are, however, the mechanisms determining the temporal segregation among the 
biosynthetic processes? Observing that a climax of protein biosynthesis activity 
coincides with the slowest lipid and polysaccharide production in G1, we conjecture 
that there is a negative-feedback interaction between these biosynthetic processes. Such 
a negative feedback can be based on the competition for the resources from the core 
metabolism, exemplified by a recent report in Yarrowia lipolytica [79]. Alternatively, the 
negative feedback could exist on the level of translation, possibly of a nature similar to 
the case when the translation of human fatty acid synthase accelerates in mitosis while 
a vast majority of mRNAs are translationally repressed [49,80]. The cell-cycle machinery 
is likely not responsible for the temporal segregation among biosynthetic processes 
since, according to recent studies [14,15], metabolic oscillations manifesting in 
NAD(P)H, ATP and flavin dynamics persist when the cell cycle is arrested. We envision 
that a dynamical system of biosynthetic activities, partially segregated in time and 
causing the oscillations in the core metabolism, is autonomous from the cell cycle, i.e. 
able to reproduce itself even beyond normal cell-cycle progression, due to the 
speculated negative feedback. As a clue to this idea, we did not observe the NAD(P)H 
oscillations (Figure S8A-C) when the cell cycle is arrested and either protein, lipid or 
polysaccharide biosynthesis is inhibited. 

Having a detailed account of metabolic-flux changes, we can now start investigating 
how the metabolic oscillations could trigger the early and late cell cycle [14,18]. Reduced 
biosynthesis of lipids and cell-wall polysaccharides in G1 could, for example, enable 
START by constraining cell-surface-area and hence cell-volume increase so that the 
disproportionally higher protein biosynthesis elevates the concentration of Cln3 
responsible for the cell-cycle commitment [19]. Overall, this work brings us a step closer 
towards a novel view on how cell-cycle control emerges from a system of coupled 
oscillators, with the metabolic oscillator being an essential player. 

MATERIALS AND METHODS 
Strains 
Saccharomyces cerevisiae strains used in this study (Table S1) had the background of the 
prototrophic S288C-derived strain YSBN6 (MATa FY3 HO::HphMX4) [81]. The strain 
construction is described in Supplementary Materials and Methods with primer 
sequences provided (Table S2). 

Cultivation 
In the majority of experiments, cells were cultivated in minimal media, such as modified 
Verduyn medium [82] and yeast nitrogen base medium without amino acids referred to 
as YNB (Formedium, CYN0410). In one experiment (Figure 2), cell were grown in the 
complex medium YPD. Cells growing exponentially in shake flasks at 30°C were loaded 
in the microfluidic dissection platform (microfluidic device) as described previously 
[35,36]. In the microfluidic device, cells were constantly provided with a fresh medium 
by a syringe pump or an air-pressurized pumping system (OB1, Elveflow) assisted by a 
flow sensor (MFS2, Elveflow). During cultivation in the microfluidic device, the 
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temperature was maintained at 30°C with the help of a microscope incubator. 
Supplementary Materials and Methods provide details on the media and their carbon-
source supplementation, culturing scheme in shake flasks, the medium flow rate in the 
microfluidic device and media switches that were used in each experiment. 

Microscopy 
The microfluidic device was mounted to one of two Nikon Eclipse Ti-E inverted wide-
field fluorescence microscopes (microscope 1 and 2) where time-lapse imaging of cells 
was performed. Each microscope was equipped with an Andor DU-897 EX camera, 
40x (Nikon CFI Super Fluor 40X Oil; NA = 1.3) and 100x (Nikon CFI Super Fluor 
100XS Oil; NA = 0.50-1.30) objectives. Microscope 1 was used with either CoolLED 
pE-2 (setup 1A) or Lumencor AURA (setup 1B) excitation system. Microscope 2 was 
always used with the CooLED pE-2 excitation system (setup 2A). For NAD(P)H 
measurements, we excited cells at 365 nm in setups 1-2A and at 360 nm in setup 1B, 
employing a 350/50-nm band-pass filter, a 409-nm beam-splitter and a 435/40-nm 
emission filter (NAD(P)H channel). For GFP measurements, we excited cells at 470 
nm in setups 1-2A and at 485 nm in setup 1B, using a 470/40-nm band-pass filter, a 
495-nm beam-splitter and a 525/50-nm emission filter (GFP channel). For RFP 
measurements, we excited cells at 565 nm in setups 1-2A and at 560 nm in setup 1B, 
using a 560/40-nm band-pass filter, a 585-nm beam splitter and a 630/75-nm emission 
filter (RFP channel). For bright-field imaging, a halogen lamp produced light that was 
filtered with a 420-nm beam-splitter to exclude UV before illuminating cells (BF 
channel). The microscopes were operated using NIS-Elements software. We set the 
Readout Mode to 1 MHz to minimize the camera readout noise and fixed the baseline 
level of the cameras to 500 at -75 °C. The Nikon Perfect Focus System (PFS) was used 
in time-lapse imaging to prevent the loss of focus set in the beginning of the experiment 
(in which a cell was seen as surrounded by two concentric circumferences of very low 
and high intensity pixels, respectively). In Supplementary Materials and Methods, we 
specify for each experiment what frequency of image acquisition, objective, setup and 
channels were used, indicating the corresponding percentage of maximal light intensity 
and exposure time. 

Image and signal analysis 
In every microscopy experiment, multiple non-overlapping regions in the XY-plane of 
the microfluidic device were imaged, which resulted in a set of Nikon NIS-Elements 
ND2 files each containing a multi-channel movie for one XY-region. Every ND2 file 
was imported into ImageJ (v.1.52n, Java 1.8.0_66) [83,84] where images in the 
fluorescent channels were background corrected via Rolling ball background 
subtraction plugin (except the 2-NBDG experiment, see more details in Supplementary 
Materials and Methods), and images in the bright-field channel were sharpened and 
contrast-enhanced, after which the movie was saved as a TIFF file. Cells were tracked 
throughout the movie and segmented by fitting an ellipse in the bright-field image at 
each time point via the semi-automated plugin BudJ [43] used with ImageJ (v.1.49v, 
Java 1.8.0_144). Simultaneously, by visual inspection and with the help of a custom 
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macro, we recorded for each segmented cell the time points of budding events 
(appearance of a dark-pixel cluster from which a daughter cell would later grow) and 
death (abrupt shrinking and darkening of the cell, cessation of cytoplasmic movement, 
after which the data from the cell was not used). To analyse cellular fluorescence data, 
we uploaded the movie-containing TIFF file into a NumPy (v.1.15.4) multidimensional 
array via Python’s module scikit-image (v.0.13.1) [85] and extracted the pixels 
corresponding to a cell of interest by overlapping the array with the segmentation 
ellipses provided by BudJ. To get a proxy of concentration, we calculated the average 
fluorescence intensity of the pixels in the cell segmentation. Cell volume and surface 
area were calculated using the radii of the segmentation ellipse provided by BudJ and 
assuming that a cell is a prolate spheroid. All data analysis and result visualisation was 
implemented in Python (v.3.6.2). Supplementary Materials and Methods as well as 
figure captions comprehensively describe the image and signal processing associated 
with each experiment. 

The extended caption of Figure 3. A. As a result of log marginal likelihood maximisation, 
the length-scale parameter of the Gaussian process’ RBF kernel became 0.108, given 
the initially provided range [0.01, 0.5]. The markers show the values of the sfGFP 
production rate that were used for the regression and correspond to the consecutive 
time points of microscopy imaging throughout the 25 cell cycles. To align the cell-cycle 
traces and calculate the phase, we used an array of four cell cycle events 𝐸 = {mitotic 
exit (ME), START, budding (BUD), next ME} as reference points. Specifically, we 
computed the average cell-cycle-relative timing for each of these events 𝜑fV (vertical 

lines) in the following way: ∀𝑒 ∈ 𝐸	𝜑fV = '
hi
∑ (kkl )(kkmn

(kkolpq	mn)(kkmn
hi
22r' , where 𝑡22V  is the time 

in minutes when the event 𝑒 happens in the cell cycle 𝑐𝑐. In the aligned cell cycles, we 
converted the time in minutes 𝑡 to the phase 𝜑22 in the following way: 𝜑22 =

(𝜑fs[%&'] − 𝜑fs[%]) ()(kk
n[-]

(kk
n[-./])(kk

n[-] + 𝜑fs[%] for 𝑡 ∈ t𝑡22
s[%], 𝑡22

s[%&']u if 𝐸[𝑖] = ME or 𝑡 ∈

(𝑡22
s[%], 𝑡22

s[%&']] if 𝐸[𝑖] ≠ ME, where 𝑖 is the index number of an event in the array 𝐸. 
The duration of each of the 25 cell cycles is smaller or equal to 120 minutes, and on 
average equal to 103.9 minutes. B. Aligning the cell-cycle traces and calculating the 
phase were done in the same way as in A. We interpolated each cell-cycle trace of sfGFP 
production rate (which contributed values for A) using a cubic spline and collected from 
it values at 17 evenly spaced phase points making up a new trace 𝑟(𝜑). These values of 
sfGFP production rate were converted to have the minima and maxima fixed to 0 and 
1, respectively, via w(x))yz{	(w(x))

y|}(w(x)))yz{	(w(x))
. The traces are sorted by the value at the phase 

0.5. C. The measure of perturbation-associated behaviour is the NAD(P)H derivative 
upon CYH addition (the slope of the bright-orange fragment). The measure of normal 
behaviour is the median NAD(P)H derivative at the same phase (the arrows) in the 
preceding cell cycle (Figures S2B). The slope of the light-orange fragment contributes 
to the calculation of this median. To assign a cell-cycle phase to the determined single-
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cell NAD(P)H response, we measure time from CYH addition to the closest preceding 
cell-cycle event (here, 𝜃"#$2  min) and add to it the average time of this cell-cycle-event 
type regarding mitotic exit. The markers show the raw (unsmoothed) mother-cell 
NAD(P)H fluorescence, the curve presents the smoothed values derived via Savitzky-
Golay filter with the window length 7 and the third order of the polynomial used to fit 
the raw data. Consult Supplementary Materials and Methods for more details regarding 
the experimental procedure and data analysis pipeline of the dynamic perturbation 
method. D. As a result of log marginal likelihood maximisation, the length-scale 
parameter of the Gaussian process’ RBF kernel became 17.6 in the first replicate and 
18 in the second, given the initially provided range [12, 30]. The phase is the time in 
minutes regarding the latest mitotic exit (ME). The vertical lines (solid and dashed) 
denote the mean phase of cell cycle events: ME, START and budding (BUD) in the 
two replicate experiments. The phase of expected ME is the mean cell-cycle duration 
calculated as the time difference between two latest buddings before CYH addition. To 
determine the single-cell NAD(P)H response to CYH, we subtract from the value of 
the NAD(P)H derivative upon CYH addition the median NAD(P)H derivative at the 
same phase in the unperturbed condition, and multiply this difference by -1 because 
CYH causes a drop in NAD(P)H according to population-level observations (Figures 
S3A). E. The plot is built analogously to D. As a result of log marginal likelihood 
maximisation, the length-scale parameter of the Gaussian process’ RBF kernel became 
30 in both replicates, given the initially provided range [12, 30]. F. As a result of log 
marginal likelihood maximisation, the length-scale parameter of the Gaussian process’ 
RBF kernel became 0.276, given the initially provided range [0.01, 0.5]. G. The plot is 
built analogously to D. As a result of log marginal likelihood maximisation, the length-
scale parameter of the Gaussian process’ RBF kernel became 36 in both replicates, given 
the initially provided range [12, 36]. H. As a result of log marginal likelihood 
maximisation, the length-scale parameter of the Gaussian process’ RBF kernel became 
0.167, given the initially provided range [0.01, 0.5]. I. The curve was calculated as the 
ratio of the mean sfGFP production rate (A) and the mean derivative of cell volume 

(H): 
~�w(x)�

~��̇(x)�
. To indicate how the uncertainty varies throughout the cell cycle, we 

plotted the shaded area whose upper boundary is 
~�w(x)�&�.h��w(x)�

~��̇(x)�)�.h���̇(x)�
 and lower 

boundary is 
~�w(x)�)�.h��w(x)�

~��̇(x)�&�.h���̇(x)�
, where 𝑀�𝑟(𝜑)� and 𝑀��̇�(𝜑)� are the posterior 

means of sfGFP production rate and cell-volume derivative, 𝜎�𝑟(𝜑)� and 𝜎 ��̇�(𝜑)� 
are their posterior standard deviations. 

Mathematical modelling of metabolism 
The mathematical model describing the dynamics of cell mass during the cell cycle and 
inferring the absolute units for the biosynthetic rates by solving an optimisation 
problem was built and implemented via General Algebraic Modeling System (GAMS) 
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(GAMS Development Corporation, release 25.0.3) with the local solver CONOPT3 
[86]. Supplementary Materials and Methods provide the full description of the model 
with literature-derived parameter values (Table S6). To infer the fluxes of the core 
carbon and energy metabolism, we employed and modified the thermodynamic-
stoichiometric model of yeast metabolism [68]. Flux balance analysis (FBA) on the basis 
of this model was implemented in GAMS using the global optimization solver 
ANTIGONE 1.0 [87]. 
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SUPPLEMENTARY FIGURES 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure S1. Processing the data of cell volume and cell surface area; obtaining the 
production rate of sfGFP expressed from the heterologous promoter tetO7, with and 
without accounting for the maturation of the fluorescent protein. A-C. Single-cell volume 
(A), surface area (B) and sfGFP fluorescence (C) during an individual cell cycle. We show the 
raw (unsmoothed) data with asterisks (*) corresponding to the daughter cell, triangles (▼) 
corresponding to the mother cell and circles (●) corresponding to the whole cell. The vertical 
lines denote major cell cycle events: mitotic exit (brown), START (green) and budding (orange). 
The curves show the LOWESS smoothing with adjacent smoothed values (at the same time 
points as the raw data) connected with a line. In A and B, the discontinuity in the values that 
should immediately follow mitotic exits due to cytokinesis is tackled by translating down the 
data before the first mitotic exit and up the data after the second mitotic exit (see more details 
in Materials and methods). In C, we measured the sfGFP fluorescence only in the mother cell 
and assumed that it is the same in the whole cell. D-F. Single-cell sfGFP abundance (D), sfGFP 
production rate calculated with (E) and without (F) accounting for the maturation of the 
fluorescent protein (assumed maturation half-time 6 minutes, first-order maturation kinetics). 
The curves show linearly connected values corresponding to the same time points as the raw 
data. In D, the values are the product of the smoothed cell volume (A) and smoothed sfGFP 
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fluorescence (C). In E, the values are a linear combination of the first and second derivatives of 
sfGFP abundance (D) (see more details in Supplementary Materials and Methods). In F, the 
values are the first derivative of sfGFP abundance (D). G-H. The production rate of sfGFP 
presented as a summary of 25 individual cell-cycle traces. The sfGFP production rate was 
computed without accounting for the maturation of this fluorescent protein. Values from F and 
other 24 cell cycles at microscopy imaging time points correspond to the markers. The plots 
were built analogously to Figures 3A-B (see more details in their captions). In G, as a result of 
log marginal likelihood maximisation, the length-scale parameter of the Gaussian process’ radial-
basis function kernel became 0.129, given the initially provided range [0.01, 0.5]. I. Cell volume 
dynamics presented as a summary of 25 individual cell-cycle traces. Values from A and other 24 
cell cycles at microscopy imaging time points correspond to the markers. The plot is built 
analogously to Figures 3A. As a result of log marginal likelihood maximisation, the length-scale 
parameter of the Gaussian process’ radial-basis function kernel became 0.372, given the initially 
provided range [0.01, 0.5]. 

 

 

 

 

 

 

 

 

 

Figure S2. Relevant steps in the data analysis of the dynamic perturbation method 
measuring metabolic activities during the cell cycle. A. Identifying the predominant 
subpopulation of fast-dividing cells for which we measure momentary metabolic activity and 
align it along the cell cycle. Specifically, we show the distribution of the time duration between 
two latest budding events for all cells (S0) growing in the control medium before the media 
switch 𝑡>�%(2� (Supplementary Materials and Methods). The solid vertical line denotes the 
median of the distribution, whereas the dashed lines correspond to median +/- standard 
deviation (SD). The cells between the dashed lines are used in further data analysis (S1). The 
number of bins in the histogram is calculated according to Doane’s formula. B. The behaviour 
of the NAD(P)H derivative during the normal (unperturbed) cell cycle. The markers connected 
by lines show the median NAD(P)H derivatives evenly spaced with the time step of 6 minutes 
(microscopic imaging frequency). The median NAD(P)H derivative at a particular cell-cycle 
phase is used to determine the NAD(P)H response of a single cell to a perturbation, specifically, 
by subtracting this median NAD(P)H derivative from the NAD(P)H derivative of the single cell 
upon the perturbation coinciding with the same cell-cycle phase (Figure 3C) (this subtraction is 
assumed to remove the contribution of NAD(P)H dynamics characteristic to this cell-cycle 
phase, which allows to reveal the actual NAD(P)H response to the perturbation). The shaded 
area represents the interpolated 95% confidence intervals of the median NAD(P)H derivatives. 
The cell-cycle phase is the time in minutes from the latest major cell-cycle event, namely, mitotic 
exit (ME), START and budding (BUD), plus average time of this event regarding ME (denoted 

< Figure S1 
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by the vertical lines). We indicate the numbers of single cells contributed to the calculation of 
the median NAD(P)H derivatives immediately after a major cell-cycle event (less cells 
contributed the data after ME and START because the phase could not be calculated due to the 
difficulties of identifying these events in the Whi5 localization dynamics). In A and B, the data 
corresponds to the control medium (before the media switch 𝑡>�%(2�) in one replicate 
experiment of the dynamic perturbation of protein biosynthesis (the majority of these cells 
contributed to the solid curve and markers in Figure 3D). C. NAD(P)H response to the synthetic 
auxin 1-naphthaleneacetic acid (NAA) is constant during the cell cycle in the strain lacking the 
degron tag (the negative control for the dynamic depletion of Ugp1 (Figure 3G); the same y-axis 
scaling). The plot is built analogously to Figure 3D. As a result of log marginal likelihood 
maximisation, the length-scale parameter of the Gaussian process’ RBF kernel became 36 in 
both replicates, given the initially provided range [12, 36]. The population-level response to NAA 
is shown in Figures S3E. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure S3. Population-averaged responses in dynamic perturbation experiments. A. 
Addition of the inhibitor of protein biosynthesis cycloheximide (CYH) results in the immediate 
drop of NAD(P)H concentration and cell cycle arrest.  B. Addition of the inhibitor of fatty acid 
biosynthesis cerulenin (CER) causes a delayed increase of NAD(P)H concentration and cell 
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cycle arrest. C. Addition of the synthetic auxin analogue 1-naphthaleneacetic acid (NAA) to the 
OsTIR1-expressing strain with Ugp1 tagged with mCherry and auxin-inducible degron (AID) 
causes the depletion of mCherry (consequently, Ugp1), a local drop of NAD(P)H concentration 
followed by its global increase as well as gradual decline in growth rate and cell cycle arest. The 
local NAD(P)H drop upon appearance of NAA in the microfluidic device (dotted line) is not 
caused by the Ugp1 depletion because NAA leads to the same effect in the strain with untagged 
Ugp1 (E). D. Addition of NAA to the OsTIR1-expressing strain with Zwf1 tagged with 
mCherry and auxin-inducible degron (AID) causes the depletion of mCherry (consequently, 
Zwf1), a fast drop of NAD(P)H concentration followed by its slower increase as well as gradual 
decline in growth rate. E. Addition of NAA to the OsTIR1-expressing strain lacking degron 
tags (AID) causes the local NAD(P)H drop and minor decrease of the growth rate. The dotted 
vertical line denotes 𝑡>�%(2�, the first time point in microscopy equal to or right after the 
calculated time of the perturbation medium arrival. The solid vertical line denotes 𝑡�, the time 
point at which we studied the cell-cycle-associated response to the perturbation, thus inferring 
the cell-cycle-associated dynamics in the activity of the inhibited process. The solid curves and 
the shaded areas surrounding them denote the linearly interpolated mean and its 95% confidence 
interval calculated by bootstrapping with 5000 iterations. Before calculating the population 
average values, the single cell traces were aligned at 𝑡>�%(2� (since microscopy was done in 
multiple XY-regions to monitor more cells, in some experiments the perturbation medium 
arrived to some cells 1 time point later than to others). The number of histogram bins is 
calculated according to Doane’s formula applied to the array of budding time points of all cells. 
The growth rate value in a histogram bin 𝑡% ≤ 𝑡 < 𝑡% + ∆𝑡 (or in the last bin: 𝑡% ≤ 𝑡 ≤ 𝑡% + ∆𝑡) 

is calculated as follows: 
W�h∙�-

�

�-
k∙∆(

, where 𝑁%: and 𝑁%2 are the numbers of budding events and single 

cell traces in the bin, respectively, and ∆𝑡 is the width of the bin. The data used for these plots 
correspond to the first replicate experiments contributing to markers and solid curves in Figures 
3D,E,G as well as to Figure S2C. In C-E, the scaling on the left y-axis is the same. Examples of 
traces of single cells undergoing these perturbations are given in Figure S8. 

 

 

 

 

 

 

 

 

 

Figure S4. Identification of the typical cell cycle phase of karyokinesis, which is assumed 
to denote the end of DNA replication. A. Microscopy-image segmentation to locate the 
nucleus in the mother cell containing mRFP1 fused to the histone protein Hta2, and to calculate 
the abundance of the fusion. We identify the boundaries of the mother cell in the bright field 
image (left) and analyse the pixels of the corresponding red fluorescence image (middle). 
Particularly, we implement the local thresholding (right) in which a pixel 𝑖 is selected if 𝐹% >
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 60 

𝐹��(15 × 15) + 𝑝30, where 𝐹% is the pixel’s intensity, 𝐹��(15 × 15) – the mean intensity among 
the nearest 15 × 15 pixels (roughly, a third of the mother cell) and 𝑝30 – the thirtieth percentile 
among the mother cell’s pixels (Python’s method skimage.filters.threshold_local with block_size=15, 
method='mean', offset=	𝑝30 and mode="nearest"). Using the offset 𝑝30 helps to discard a small 
number of cytoplasmic pixels that due to noise happen to be brighter than their neighbours. For 
the same purpose, after the local thresholding, we remove objects (ensembles of selected pixels) 
smaller than 25 pixels and having the connectivity equal to 1 (two pixels are connected by one 
orthogonal step). Eventually, we segment one object containing the brightest pixels (right), which 
represents nucleus. If some pixels inside this object were not selected in the local thresholding 
(due to noise, some single pixels may be dimmer), then we add these pixels to the selection. To 
calculate the abundance of the fusion Hta2-mRFP in the mother cell nucleus, we sum the 
intensities of the pixels located within the segmented nucleus. Microscopy image processing was 
performed in Python with the help of the module skimage. B. The relative abundance of the 
fusion Hta2-mRFP1 in the mother-cell nucleus during the cell cycle to identify the phase of 
karyokinesis. In each individual cell-cycle trace, we divide the abundance by the value at the 
phase zero (the first mitotic exit ME). The circular markers correspond to different cell-cycle 
traces and phases. The cell-cycle traces are aligned at four cell-cycle events, namely, mitotic exit 
(0), START, budding (BUD) and the next mitotic exit (1), whose average phases are denoted 
with vertical lines. Calculating cell-cycle phases is described in Figure 3A. Cell cycles whose 
duration is smaller or equal to 120 mins are considered for this analysis. The average cell-cycle 
duration measured in minutes is indicated. To summarize the behaviour of the relative 
abundance during the cell cycle, we obtain the Gaussian process (GP) regression whose mean 
and region of high posterior probability density (mean ± standard deviation) are presented as 
the thick curve and the shaded area, respectively. The radial basis function (RBF) kernel 
assuming smoothness with the length scale range [0.05, 0.1] and the white kernel explaining the 
noise in the data with free noise level are used as a prior. In the posterior corresponding to the 
maximum of the log-marginal likelihood, the length scale of RBF reached 0.0844. We identified 
the typical cell cycle phase of karyokinesis as the middle time point between the maximal and 
minimal values of the GP regression’s mean after budding (the black vertical line). 
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Figure S5. The mathematical model describing the cell mass and its composition during 
the cell cycle. This figure assists the description of the model given in Supplementary Materials 
and Methods, and presents the values of almost all variables after the minimization of the 
distance between the cell-mass estimates (A). The shaded areas represent uncertainties within 
which the corresponding variables are allowed to move (indicated by red arrows). 
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Figure S6. Relevant steps in the data analysis to estimate the glucose uptake rate with 
respect to cell-cycle phase. A. Distribution of the time duration between two latest budding 
events before 2-NBDG addition to the cells cultivated with 0.015% (m/V) glucose and 0.62% 
(V/V) DMSO. The solid vertical line denotes the median of the distribution (144 min), whereas 
the dashed line corresponds to median + standard deviation (SD=47.6 min). The total number 
of traced cells building this distribution (the set S0) is given. The cells before the dashed line are 
used in further data analysis (the set S1). The number of bins in the histogram is calculated 
according to Doane’s formula. B. The dynamics of the mother-cell-average green fluorescence 
in the segmentation of an individual cell during the experiment. The purple and light-green 
vertical lines denote mitotic exit (ME) and START identified through Whi5-mCherry 
localisation, the orange lines correspond to budding events (BUD). The vertical green shaded 
area denotes the pulse of 2-NBDG (~20.3 minutes), the dashed black line in the middle of it is 
used to measure the cell cycle phase at which the cell experienced the pulse. To measure this cell 
cycle phase, we calculated the time difference between the dashed line and the latest cell cycle 
event before it, which is mitotic exit in the case of this cell. We highlighted the data points that 
were used to calculate the 2-NBDG fluorescence appeared inside the cell due to the pulse 
(acquired fluorescence). Specifically, we subtracted from the fluorescence after the pulse the 
mean value in the five time points before the pulse. The presented values of the green 
fluorescence in the cell’s segmentation are not background corrected. We assume that the signal 
of the segmented cell within the pulse is confounded by the large background fluorescence. See 
more details describing the experiment and data analysis in Supplementary Materials and 
Methods. C. The acquired fluorescence after the 2-NBDG pulse, which reflects glucose uptake 
rate, changes during the cell cycle. To correct for the decay of 2-NBDG fluorescence after the 
pulse (B), the single-cell values of the acquired fluorescence were divided by the median value 
calculated across the cells located in neighbouring XY-positions of the microfluidic device (see 
more details in Supplementary Materials and Methods). The plot is built analogously to Figure 
3D. As a result of log marginal likelihood maximisation, the length-scale parameter of the 
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Gaussian process’ radial-basis function kernel became 22.3, given the initially provided range 
[12, 36]. 

 

 

 

 

 

 

 

 

Figure S7. Estimating mitochondrial membrane potential via the sensor MitoLoc. A. 
The sensor’s GFP and mCherry pixel intensities do not have a linear and homoscedastic 
relationship. Therefore, we measure the colocalization of the fluorescent proteins, which 
depends on mitochondrial membrane potential, through Spearman’s correlation coefficient that 
does not require these assumptions. The scatter is supplemented with the corresponding 
microscopy images of a mother cell in the GFP and mCherry channels. B. The estimated 
mitochondrial membrane potential is higher in cells growing on 2% pyruvate (respiratory 
metabolism) than in cell growing on 1% glucose (fermentative metabolism). Each marker shows 
the mean value of Spearman’s correlation coefficient across one single-cell trace of 10 (1% 
glucose) or 20 hours (2% pyruvate). We provide the corresponding average growth rates 

calculated as W�h∙�
�

�k∙∆(
, where 𝑁: and 𝑁2 are the numbers of budding events and single-cell traces, 

respectively, and ∆𝑡 is the trace duration (10 or 20 hours). The boxes are constrained by the 
lower and upper quartiles with the median indicated inside and whiskers stretching to the most 
extreme data point within one and a half interquartile range. 
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Figure S8. NAD(P)H oscillations are quenched after the inhibition of protein, lipid or 
polysaccharide biosynthesis, and are distorted only in some cells after the inhibition of 
pentose phosphate pathway. A. NAD(P)H oscillations cease in the presence of the inhibitor 
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of protein biosynthesis cycloheximide (CYH). B. NAD(P)H oscillations cease in the presence 
of the inhibitor of lipid biosynthesis cerulenin (CER). Specifically, the first effect of CER on the 
metabolic oscillations is manifested after the latest budding event when NAD(P)H does not 
descend or descends slower than during normal growth (indicated with a black arrow). C. 
NAD(P)H oscillations cease when Ugp1 (red) is depleted via the NAA-induced degradation. 
Specifically, after the latest budding, there is no or slower descent of NAD(P)H that is observed 
during normal growth (indicated with a black arrow). D. NAD(P)H oscillations are distorted in 
some cells (e.g. cells 1 and 2) when Zwf1 (red) is depleted via the NAA-induced degradation. 
Specifically, in these cells, there is no increase of NAD(P)H normally observed before budding 
(indicated with a black arrow). The orange vertical lines denote budding events. The dotted 
vertical line denotes 𝑡>�%(2�, the first time point in microscopy equal to or right after the 
calculated time of the perturbation medium arrival. The circular markers denote the mother-
cell-pixel-average NAD(P)H (blue) or mCherry (red) fluorescence, the thick curves represent 
the smoothing with LOWESS (6 data points to fit a locally smoothing line) applied to the traces 
before and after 𝑡>�%(2� separately. 

 

 

 

 

 

 

 

 

Figure S9. Temporally segregated lipid and polysaccharide biosynthesis may cause the 
NAD(P)H oscillations during the cell cycle. A. The activities of the biosynthesis of lipids 
and polysaccharides rather than proteins change during the cell cycle similarly to and almost in 
antiphase with the NAD(P)H derivative. The cell-cycle-dependent activity patterns correspond 
to the posterior mean values of the NAD(P)H response to the perturbation of the biosynthetic 
processes that are denoted with solid curves in Figures 3D,E,G. The dynamics of the NAD(P)H 
derivative is presented via the median values calculated in the latest complete cell cycle before 
the media switch in the experiment in which the cell-cycle-dependent activity pattern of lipid 
biosynthesis plotted here was derived. According to the dynamic perturbation method, the units 
of the activity and NAD(P)H derivative are the same, with 1 a.u. equal to the amplitude of the 
oscillation of the median NAD(P)H derivative during the cell cycle. The vertical lines denote the 
mean phases of the cell cycle events in the three dynamic perturbation experiments in which the 
presented activity patterns were derived (identical to the solid vertical lines in Figures 3D,E,G). 
B. The derivatives of the cell surface area and NAD(P)H measured continuously in the same 25 
cell cycles and summarised by the posterior means (the curves) and the regions of high posterior 
probability (the shaded areas, mean +/- standard deviation) of the Gaussian process regression 
with radial basis function (RBF) kernel used as a prior. The markers show the values of the 
derivatives that were used for the regressions and correspond to the consecutive time points of 
microscopy imaging throughout the 25 cell cycles. Before calculating the derivatives, both cell-
surface area and NAD(P)H traces were smoothed using the LOWESS method with the window 
of 8 data points to fit a local line. The data of these cell cycles were also used to identify the 

< Figure S8 
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dynamics of the sfGFP production rate during the cell cycle (Figures 3A-B, S1). The data of the 
derivative of the cell surface area were already presented in Figure 3F. The alignment of the cell-
cycle traces and calculation of the phase were described in the caption of Figure 3A. The vertical 
lines show the average cell-cycle phases of the four cell cycle events 𝐸 =
{𝑀𝐸, 𝑆𝑇𝐴𝑅𝑇, 𝐵𝑈𝐷, 𝑛𝑒𝑥𝑡	𝑀𝐸}. For the data of the NAD(P)H derivative, as a result of log 
marginal likelihood maximisation, the length-scale parameter of the Gaussian process’ radial-
basis function kernel became 0.281, given the initially provided range [0.01, 0.5]. C. The mean 
and its 95% confidence interval (bootstrapping with 5 000 iterations) of the cross-correlation 
functions computed for the derivatives of the cell surface area and NAD(P)H level in the 25 
individual cell-cycle traces constrained by the mitotic exits and preserving time measured in 
minutes (in contrast to the phases in B). The circular black marker denotes the mean time lag (-
9 minutes) the NAD(P)H derivative should be displaced in time regarding the cell surface area 
derivative in order to reach the minimal correlation value. The horizontal line beneath the 
circular marker shows the 95% confidence interval (bootstrapping with 5 000 iterations) of this 
mean time lag, which is [-12, -6] minutes. Supplementary Materials and Methods provide details 
on computing the cross-correlation functions. 

 

SUPPLEMENTARY NOTES 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Supplementary note 1 (relying on the scheme). The concept of the single-cell-
level dynamic perturbation method inferring an enzyme’s activity during cell 
cycle.  

A. The underlying assumption of the way how the perturbation of an enzyme’s activity 
is translated into NAD(P)H concentration change. Upper half. We look at the behaviour 
of metabolism during cell cycle via a quasi-steady state approximation, that is, we 
assume that metabolic fluxes are balanced within short time periods during cell cycle. 

< Figure S9 
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An imagined part of the metabolic network in two such short time periods is sketched 
in the big vertical boxes corresponding to different cell cycle phases. There are two 
connected pathways: one accommodates the enzyme of interest and the other involves 
NAD(P)H. The thickness of an arrow corresponds to the metabolic flux running 
through a pathway. In case of the pathway 1, we provide the concrete value of the 
metabolic flux expressed in 𝑚𝑜𝑙	𝐿)'	𝑚𝑖𝑛)', which is also the enzyme’s activity. 
Between these two cell cycle phases, the enzyme’s activity is three-fold different.  

Lower half. Inhibition of the enzyme’s activity is assumed to cause the monetary (∆𝑡) 
accumulation of substrates and depletion of products, proportional to the pathway’s 
flux right before the perturbation (the proportionality arises from the quasi-steady state 
approximation). The accumulation of the enzyme’s substrate molecules would cause 
the same accumulation of all the metabolites in the downstream part of the pathway 1, 
blocking it. The flux that was intended to go through the pathway 1 would then enter 
the pathway 2, changing the concentration of its metabolites, including NAD(P)H. The 
NAD(P)H concentration is assumed to change by the constant proportional to the flux 
that was in the pathway 1 before the inhibition (𝑎 ∙ ∆𝑡 or 3𝑎 ∙ ∆𝑡). Thus, since 
NAD(P)H can be monitored thanks to its autofluorescence, given the assumptions are 
satisfied, we are able to measure the enzyme’s activity via the momentary change of 
NAD(P)H concentration.  

A discrepancy between the flux in pathway 1 and the perturbation-mediated NAD(P)H 
response will arise if the capacity of the pathway 2 to accommodate the flux from 
pathway 1 is limited. The accuracy of the activity measurements in this method will 
especially be confounded if this capacity of the pathway 2 changes during cell cycle (for 
example, due to cell-cycle-associated protein expression, varying allosteric regulation 
etc.). However, in a real metabolic network, NAD(P)H participates in a large amount of 
reactions, which are likely to be differently regulated during cell cycle. Consequently, at 
a specific cell cycle phase, the capacity to accommodate the perturbation-mediated flux 
may decrease in one NAD(P)H-involving reaction but increase in another. Therefore, 
the NAD(P)H response may still accurately reflect the activity of an inhibited enzyme, 
which indeed proves to be the case as this method’s output agrees with the alternative 
measurements of protein, lipid and polysaccharide biosynthesis activities (Figures 3D 
vs 3A, 3E vs 3F and 3G vs 3F). In this sketch, we show how the accumulation of 
substrate molecules may propagate the perturbation downstream, the same logic can be 
applied for the upstream effects of the cessation of product formation. 

B. Single-cell data analysis approach to obtain the cell-cycle pattern of an enzyme’s 
activity from NAD(P)H signal. Top. The actual dynamics of the enzyme’s activity during 
cell cycle that we wish to measure. Three cells were at different cell cycle phases when 
the enzyme’s activity was perturbed (decreased to zero) by an inhibitor added to the 
microfluidic device. The metabolic consequences of the perturbation in the first two 
cells were discussed in A (the vertical boxes help matching the scenarios of low and 
high enzyme activity between A and B).  
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Middle. The dynamics of measured NAD(P)H concentration during normal cell cycle 
and at the moments of the enzyme perturbation. The normal cell-cycle dynamics is 
obtained from the median NAD(P)H signal during the latest complete cell cycle before 
the perturbation. We use NAD(P)H autofluorescence as a proxy for its concentration 
(for explanatory purposes, we put the units of 𝑚𝑜𝑙	𝐿)' in this sketch, although in 
practice we use 𝑎. 𝑢. of fluorescence).  

Bottom. The NAD(P)H response to perturbation as a proxy of the enzyme’s activity, 
which is, technically, the absolute value of the difference between the NAD(P)H 
concentrations in the normal and perturbed cases. To identify at which cell cycle phase 
a cell experienced the enzyme’s perturbation, we measure the time in minutes from the 
latest cell cycle event of three kinds, namely mitotic exit (ME), START or budding 
(BUD). To put on the same cell-cycle map the cells referenced from different cell cycle 
events, we consider ME as zero and use the average times of START and BUD 
regarding ME. The maximal cell cycle phase (expected ME) is the average duration of 
the latest complete cell cycle among the analysed cells. 

See Supplementary Materials and Methods for a detailed description of the data-analysis 
pipeline. 

Supplementary note 2. Temporally segregated biosynthetic processes may cause 
the NAD(P)H oscillations 
To investigate whether the identified temporal segregation in biosynthetic processes is 
responsible for metabolite oscillations, we asked if the individual biosynthetic processes 
are required for the observed oscillations of NAD(P)H, which we could measure 
dynamically and in single cells. We found that after the inhibition of protein, lipid or 
polysaccharide biosynthesis the NAD(P)H oscillations are indeed abolished (Figure 
S8A-C), which is a necessary requirement for the biosynthetic processes to underlie the 
metabolite oscillations. (Interestingly, on the contrary, the inhibition of the oxidative 
branch of pentose phosphate pathway does not always suppress the NAD(P)H 
oscillations (Figure S8D)). 

To get more direct evidence that the temporal segregation in the biosynthetic processes 
causes the metabolite oscillations, we enquired whether any of the identified 
biosynthetic process could explain with their dynamics (match) the NAD(P)H 
behaviour during the cell cycle. Particularly, we compared the obtained cell-cycle-
dependent activity patterns of the biosynthetic processes with the dynamics of the 
NAD(P)H derivative reflecting the difference between the rates of NAD(P)H 
production and depletion, with the later partially determined by biosynthetic activities 
requiring NADPH. We found that, out of the three activity patterns, those of lipid and 
polysaccharide biosynthesis are similar to and almost in antiphase with the dynamics of 
NAD(P)H derivative (Figure S9A), which was also observed for the derivatives of the 
cell surface area and NAD(P)H (Figure S9B). Via the cross-correlation analysis of cell-
cycle traces, we detected that the NAD(P)H derivative lags only 9 minutes behind the 
cell surface area derivative to reach the most negative value of the correlation (Figure 
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S9C). With the inhibition of lipid and polysaccharide biosynthesis causing NAD(P)H 
accumulation (Figures S3B-C), the strong anti-correlation between the NAD(P)H 
derivative and the activity of lipid and polysaccharide biosynthesis, needed to expand 
the cell surface area, indicates that these biosynthetic processes contribute to the 
NAD(P)H oscillations by varying the depletion of these metabolites during the cell 
cycle. 

 

SUPPLEMENTARY MATERIALS AND METHODS 
Strains and strain construction, Related to Figures 1-3, 5, S1-S4, S6-S9 

An overview of the strains used in this study is presented in Table S1. To construct the 
majority of the strains, we implemented a number of cloning steps with the goal to 
insert a sequence of interest into yeast genome via homologous recombination (see 
below an alternative way of genome modification with the CRISPR/Cas9 system). First, 
using Gibson assembly (with NEB reagents) or phosphorylation-ligation (in the case of 
pB, Table S2), we created a plasmid with Escherichia coli origin of replication as well as 
antibiotic selection marker in the backbone and with the sequence of interest 
accompanied by a yeast selection marker both flanked by the sequences for homologous 
recombination. The correctness of this plasmid assembly was checked with PCR and 
sequencing. Second, we linearized the plasmid by amplifying its fragment containing 
the flanking sequences and, between them, the sequence of interest with the yeast 
selection marker. Third, we transformed a target strain with the linear fragment using 
an established protocol [88] and grew the strain on a 2% glucose YPD agar plate with 
a selection agent (e.g. G418, nourseothricin etc.). Fourth, resulting colonies were re-
streaked on a replicate selection plate, and new colonies on it were inoculated in liquid 
selection YPD with 2% glucose to produce overnight cultures, from which genomic 
DNA (gDNA) was isolated and glycerol stock was made for long-term storage at -80°C. 
The integration of the sequence of interest was verified with PCR from this gDNA and 
with sequencing of this PCR’s amplicon. Table S2 summarises primers used in these 
cloning steps.  

Constructing the quadruple gene mutant of carbohydrate storage metabolism 
with CRISPR/Cas9 system, Related to Figure 1B. To make a strain with suppressed 
carbohydrate storage biosynthesis, we knocked out four genes, namely, TPS1, TPS2, 
GSY1 and GSY2, with the CRISPR/Cas9 system adapted from [38]. To make the strain 
expressing Cas9 (YSBN6-Cas9), we integrated the Can1Δ::cas9-natNT2 cassette 
amplified from the strain IMX585 [38] into YSBN6. In parallel, using pROS13 [38] as 
a basis, we created two plasmids each of which expresses two sgRNAs targeting the 
genes of interest.  First, to have different selection markers in these plasmids, the 
kanMX cassette in pROS13 was replaced by the pAgTEF1-ble-tAgTEF1 cassette  from 
pUG66 [89] conveying phleomycin resistance (the resulting plasmid was called 
pROS_phleo).  Second, using the yeastriction webtool [38], we designed primers (Table 
S2) that target each of the four genes of interest using the S288C genome as a template 
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and, following the protocol from [38], introduced the corresponding sequences in the 
plasmids pROS13 and pROS_phleo, obtaining pROS13-Tps2/Gsy1 and pROS_phleo-
Tps1/Gsy2. Subsequently, we transformed the YSBN6-Cas9 strain with pROS_phleo-
Tps1/Gsy2 using phleomycin for selection. To avoid genetic heterogeneity, single 
colonies were later picked and re-streaked on a non-selective plate, from which single 
colonies were taken again to start liquid cultures for PCR verification of gene deletion 
and long-term storage of the strain. Eventually, after obtaining the YSBN6 
ΔTps1ΔGsy2 strain, we transformed it with the pROS13-Tps2/Gsy1 plasmid using 
G418 for selection and, after colony re-streaking and PCR verification, obtained the 
desired strain YSBN6 ΔTps1ΔTps2ΔGsy1ΔGsy2. 

 
Table S1. Yeast strains used in this study, Related to Figures 1-3, 5, S1-S4, S6-S9 

Strain Genotype Source 

YSBN6 YSBN6 wild type: 

S288C-derived strain, 
MATa FY3 HO::HphMX4 

[81], 

from Steve Oliver lab, 

Cambridge 

YSBN6 Atp3-mCherry YSBN6 ATP3::mCherry-
AID71-114-NatMX 
HO::pTEF1-pH-tdGFP-
pADH1-OsTIR1-KanMX4 

This study: transformation 
of YSBN6.pH-
tdGFP.OsTir1.KanMX4 
with linearized GA46 

YSBN6.pH-
tdGFP.OsTir1.KanMX4 

YSBN6 HO::pTEF1-pH-
tdGFP-pADH1-OsTIR1-
KanMX4 

This study: transformation 
of YSBN6 with linearized 
GA38 

YSBN6-Cas9 YSBN6 Can1Δ::cas9-natNT2 This study: transformation 
of YSBN6 with the cassette 
from IMX585 [38] 

YSBN6 ΔTps1ΔGsy2 YSBN6 ΔTps1ΔGsy2 
Can1Δ::cas9-natNT2 

This study: double gene 
deletion in YSBN6-Cas9 via 
the CRISPR/Cas9 system 
assisted by pROS_phleo-
Tps1/Gsy2 plasmid 

YSBN6 
ΔTps1ΔTps2ΔGsy1ΔGsy2 

YSBN6 
ΔTps1ΔTps2ΔGsy1ΔGsy2 
Can1Δ::cas9-natNT2 

This study: double gene 
deletion in YSBN6 
ΔTps1ΔGsy2 via the 
CRISPR/Cas9 system 
assisted by pROS13-
Tps2/Gsy1 plasmid 

YSBN6.G2J YSBN6 HO::KanMX4-
pTEF1-mGFP-AID-tCYC-
pADH1-AtTIR-tADH1 

[14] 
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YSBN6.tetO7-sfGFP YSBN6 HO::tetO7-sfGFP-
KanMX WHI5::mCherry-
BLE 

This study: transformation 
of the strain YSBN6 
WHI5::mCherry-BLE [19] 
with linearized pB 

YSBN6.pTEF1-sfGFP YSBN6 HO::pTEF1-sfGFP-
KanMX WHI5::mCherry-
BLE 

[19] 

YSBN6 Ugp1-mCherry-AID YSBN6 UGP1::mCherry-
AID71-114-NatMX  

WHI5::mGFP-ZEO 
HO::ADH1p-OsTIR1-
KanMX4 

 

This study: transformation 
of 
YSBN6.OsTIR1w/oGFP 
[14] with linearized 
pUGP1.1 and Whi5-mGFP-
ZEO cassette 

YSBN6.AIDcontrol YSBN6 WHI5::mGFP-ZEO 
HO::ADH1p-OsTIR1-
KanMX4 

 

This study: transformation 
of 
YSBN6.OsTIR1w/oGFP 
[14] with Whi5-mGFP-
ZEO cassette 

YSBN6 Hta2-mRFP1 YSBN6 HTA2::mRFP1-
NAT WHI5::sfGFP-KanMX 

[19] 

YSBN6 Zwf1-mCherry-AID YSBN6 ZWF1::mCherry-
AID71-114-NatMX  

WHI5::mGFP-ZEO 
HO::ADH1p-OsTIR1-
KanMX4 

 

This study: transformation 
of 
YSBN6.OsTIR1w/oGFP 
[14] with linearized 
pZWF1.27 and Whi5-
mGFP-ZEO cassette 

YSBN6 Whi5-mCherry YSBN6 WHI5::mCherry-
BLE 

[19] 

YSBN6 MitoLoc YSBN6 HO::mCherry-
preCOX4-pADH1-pMET-
preSu6-EGFP3-KanMX4 

This study: transformation 
of YSBN6 with pGA29 

 

>Table S2. Primers employed in the construction of recombinant strains, Related to 
Figures 1-3, 5, S1-S4, S6-S9. This table summarizes primers employed for the amplification 
of DNA fragments used in plasmid assembly, primers for sequencing that checked the 
plasmid assembly, primers used for linearization of the plasmids before yeast 
transformation, primers used in the PCR verifying integration into genome and primers 
used in the sequencing of the resulting amplicons. Besides, we provide primers that were 
used to construct plasmids expressing sgRNAs for CRISPR/Cas9-assisted gene deletion. 
The underlined lowercase sequences represent the overhangs used in Gibson assembly. 
Genomic DNA is abbreviated with gDNA. The red underlined uppercase sequences target 
genes to be deleted via CRISPR/Cas9 system. 
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Primer Sequence (5΄ to 3΄) Template Application 

ATP3_cds_fwd ttatgcttccgcggctcgtatgttgtgtggATA
AAATTAAAATGCAGCTATT
GAGAAC 

YSBN6 gDNA To create 
GA46 
plasmid, 
linearize it 
and verify 
the genome 
integration 
of its 
sequence 

ATP3_cds_rev catgttatcctcctcgcccttgctcaccatTCC
CAAAGAGGAAGCACC 

mCherry_IAA_nat_fwd.v
2 

ATGGTGAGCAAGGGCGAG pG23A [14] 

mCherry_IAA_nat_rev.v
2 

AGCTTGCCTTGTCCCCGC 

ATP3_down_fwd ccgggtgacccggcggggacaaggcaagctT
AAAAAAATCACCCTGCATTG 

YSBN6 gDNA 

 
ATP3_down_rev gttccagtttggaacaagagtccactattaGC

ATACGCTTGGTAAAAAAC 

back2.v2_fwd TAATAGTGGACTCTTGTTCC
AAACTGGAAC 

pG23A [14] 

back2.v2_rev CCACACAACATACGAGCC 

seq_pr3 CCTTGAAGCGCATGAACTC GA46 (sequencing, primers 
used separately) seq_pr4 CTGTCAAGGAGGGTATTCT

GG 

ATP3_cds_fwd See above GA46 (linearization) 

ATP3_down_rev See above 

ATP3_cds_fwd See above YSBN6 Atp3-mCherry 
gDNA (verification PCR) tCYC1_rev CGTACGCTGAGCTGGATC 

seq_pr3 See above YSBN6 Atp3-mCherry 
gDNA verification PCR 
amplicon (sequencing, 
primers used separately) 

tCYC1_rev See above 

back_fwd GGGTGTACAATATGGACTT
C 

pOsTIR1w/oGFP [14] To create 
GA38 
plasmid, 
linearize it 
and verify 
the genome 
integration 
of its 
sequence 

back_rev CGCCATTTTAAGTCCAAAG
G 

pTEF1_fwd ttgtgcctttggacttaaaatggcgCAGCT
GGAATTCCACACC 

pTEF:ATP [14] 

pTEF1_rev cacccttggacatTTTAATAACCTA
GGAAACTTAGATTAGATTG 

pH-tdGFP_fwd ctaggttattaaaATGTCCAAGGGT
GAAGAATTATTC 

Addgene plasmid #74322 
(pH-tdGFP, from Joerg 
Stelling) pH-tdGFP_rev aagcttactcgagTTACTTGTATAA

TTCATCCATACCG 
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tCYC1_fwd attatacaagtaaCTCGAGTAAGCT
TGGTACC 

pTEF:ATP [14] 

tCYC1_rev aagaggaagtccatattgtacacccCGTAC
GCTGAGCTGGATC 

seq_pr1 TGTTGTTTGCATTTATGATC
CG 

 

GA38 (sequencing, primers 
used separately)  seq_pr2 CCGTCTTGTCCAAAGATCCT

AAC 

Seq4_for AATTATCCTGGGCACGAG GA38 (linearization), 
YSBN6.pH-
tdGFP.OsTir1.KanMX4 
gDNA (verification PCR) 

Seq4_rev ACTGTAAGATTCCGCCAC 

seq_pr2 See above YSBN6.pH-
tdGFP.OsTir1.KanMX4 
gDNA (verification PCR) FL_UPST_rev GCTATACCTGAGAAAGCAA

CC 

Can1_Cas9-fw CTGTGTGGTTTCCGGGTGA
GTCATAC 

IMX585 [38] gDNA To 
transform 
YSBN6 with 
the amplicon Can1_Cas9-rv CATTTGGTTCTAGGTTCGG

GTGACG 

pROSmkrII-Phe-Alex-fw TCATCAATAGGCACCTTCGTA
CGCTGCAGGATTAAGGGTTC
TCGAGAGC 

pUG66 
[89] 

To replace kanMX cassette 
in pROS13 [38] by the 
pAgTEF1-ble-tAgTEF1 
cassette and create 
pROS_phleo plasmid pROSmkrII-Phe-Alex-rv CATCGTCCTCTCGAAAGGTG

GCATAGGCCATAGGTCTAGA
GATCTGTTTAGC 

TPS2_targetRNA FW TGCGCATGTTTCGGCGTTCGAAACTTCTCCGCA
GTGAAAGATAAATGATCATTTTGGAAACAAATT
CTATGTTTTAGAGCTAGAAATAGCAAGTTAAAA
TAAG 

n/
a 

These 
sequences 
were used to 
create 
pROS13-
Tps2/Gsy1 

plasmid 
employed in 
Tps2 and 
Gsy1 
deletion 

TPS2_repair oligo fw CACGTTGAACAAGCAATAGAAAACCAAAATAAC
ACTGCCTGTCACTATTTCTGTGCCGAAAACACCC
TTTTTAACGAAATGGTTATGACTAGACAGACATC
TTACGTCTTACTCCTTCAT 

TPS2_repair oligo rv ATGAAGGAGTAAGACGTAAGATGTCTGTCTAGT
CATAACCATTTCGTTAAAAAGGGTGTTTTCGGC
ACAGAAATAGTGACAGGCAGTGTTATTTTGGTT
TTCTATTGCTTGTTCAACGTG 

TPS2_dg fw ACAGGGAAATCGGCAGTGAG 

TPS2_dg rv TACCTACCGCTGTTTCGACG 

GSY1_targetRNA FW TGCGCATGTTTCGGCGTTCGAAACTTCTCCGCA
GTGAAAGATAAATGATCCAATCTACAGTATTTT
GATGGTTTTAGAGCTAGAAATAGCAAGTTAAAA
TAAG 
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GSY1_repair oligo fw ACAGCCTGGAAACCTGTGAAGAAAAAGAAAATA
AACTCAGACGCAGCATCACAGCGAAGTAACCAT
CTTAACTTCTGCTAACATATCTTACTCTTTTAGCT
GAGCATCAAATTAATTTTA 

GSY1_repair oligo rv TAAAATTAATTTGATGCTCAGCTAAAAGAGTAA
GATATGTTAGCAGAAGTTAAGATGGTTACTTCG
CTGTGATGCTGCGTCTGAGTTTATTTTCTTTTTC
TTCACAGGTTTCCAGGCTGT 

GSY1_dg fw CTTGCCCAAAGAGGTTGCAC 

GSY1_dg rv CTGCACCATTCTAAACGCGG 

TPS1_targetRNA FW TGCGCATGTTTCGGCGTTCGAAACTTCTCCGCA
GTGAAAGATAAATGATCTACAATAATAGCACCA
TTCAGTTTTAGAGCTAGAAATAGCAAGTTAAAA
TAAG 

n/
a 

These 
sequences 
were used to 
create 
pROS_phleo
-Tps1/Gsy2 
plasmid 
employed in 
Tps1 and 
Gsy2 
deletion 

TPS1_repair oligo fw AGCAACAAAGCAGGCTAACAAACTAGGTACTCA
CATACAGACTTATTAAGACATAGAACTTGAACCC
GATGCAAATGAGACGATCGTCTATTCCTGGTCC
GGTTTTCTCTGCCCTCTCTT 

TPS1_repair oligo rv AAGAGAGGGCAGAGAAAACCGGACCAGGAATA
GACGATCGTCTCATTTGCATCGGGTTCAAGTTCT
ATGTCTTAATAAGTCTGTATGTGAGTACCTAGTT
TGTTAGCCTGCTTTGTTGCT 

TPS1_dg fw TTCTTGAACAAGCACGCAGC 

TPS1_dg rv ACGATAGCCTTGCATGGACC 

GSY2_targetRNA FW TGCGCATGTTTCGGCGTTCGAAACTTCTCCGCA
GTGAAAGATAAATGATCAATTTGTAAAAAAGAC
AAGAGTTTTAGAGCTAGAAATAGCAAGTTAAAA
TAAG 

GSY2_repair oligo fw AGTGGTAGTTTTTTTGATAACTGTGATTGAAGT
TTTGACTACCTCAGAGAAAAATTTTGAATCCTAT
GAGGATATAAACAGTATTAAAAAAATCTTACCAT
AAAGACATACGACATTTCG 

GSY2_repair oligo rv CGAAATGTCGTATGTCTTTATGGTAAGATTTTTT
TAATACTGTTTATATCCTCATAGGATTCAAAATT
TTTCTCTGAGGTAGTCAAAACTTCAATCACAGTT
ATCAAAAAAACTACCACT 

GSY2_dg fw AGGCCTTATGGGGTTCTTGC 

GSY2_dg rv ACGCAAGAGGACTTCGCTAG 

sfGFP Forward ATGTCCAAGGGTGAAGAGC The plasmid 
HO-ptetO7-
mCherry-
sfGFP-
KanMX-HO 
[90] 

 

To remove mCherry 
from the plasmid. The 
PCR fragment was 
circularized via 
phosphorylation-
ligation, resulting in pB. 

tet07-sfGFP Vector 
Reverse 

CCCGAATTGATCCGGTA 
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Seq4_for See above pB To linearize pB 

Seq4_rev See above 

fw_ugp1_cds ttatgcttccgcggctcgtatgttgtgtggTGA
TCGAATCGAGCAATTTGG 

YSBN6 gDNA To create 
pUGP1.1 
plasmid, 
linearize it 
and verify 
the genome 
integration 
of its 
sequence 

rv_ugp1_cds catgttatcctcctcgcccttgctcaccatATG
TTCCAAGATTTGCAAATTAC
C 

fw_ugp1_down ccgggtgacccggcggggacaaggcaagctT
TTACTTTCAATTCTCCGTTA
GGTT 

YSBN6 gDNA 

rv_ugp1_down gttccagtttggaacaagagtccactattaTG
AACTCATATTGAGAAGACA
CA 

mCherry_IAA_nat_fwd.v
2 

See above pG23A [14] 

mCherry_IAA_nat_rev.v
2 

See above 

back2.v2_fwd See above pG23A [14] 

back2.v2_rev See above 

seq_pr3 See above pUGP1.1 (sequencing, 
primers used separately), 
YSBN6 Ugp1-mCherry-
AID gDNA verification 
PCR amplicon 
(sequencing) 

seq_pr4 See above 

fw_ugp1_cds See above pUGP1.1 (linearization), 
YSBN6 Ugp1-mCherry-
AID gDNA (verification) rv_ugp1_down See above 

Whi5-CDS For ACGGACACGTTAGTATG
CC 

YSBN6 Whi5-mGFP gDNA 
(this strain was developed in 
our lab, mGFP is the same as 
in the strain  KOY.TM6 
Whi5-mGFP used in [19]); 
YSBN6 Ugp1-mCherry-AID 
gDNA (verification) 

To get the 
cassette 
Whi5-
mGFP-ZEO Whi5-DN Rev TGGTGCCGAGTCTGC 

fw_zwf1_cds ttatgcttccgcggctcgtatgttgtgtggGCT
TTGAATGAGTCCAAGGT 

YSBN6 gDNA To create 
pZWF1.27 
plasmid, 
linearize it 
and verify 
the genome 
integration 
of its 
sequence 

rv_zwf1_cds catgttatcctcctcgcccttgctcaccatATT
ATCCTTCGTATCTTCTGGC 

fw_zwf1_down ccgggtgacccggcggggacaaggcaagctG
CAAGCACATTCATTTATCGG 

YSBN6 gDNA 

rv_zwf1_down gttccagtttggaacaagagtccactattaAG
ATGAAGGATGATAAACGGG 
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mCherry_IAA_nat_fwd.v
2 

See above pG23A [14] 

mCherry_IAA_nat_rev.v
2 

See above 

back2.v2_fwd See above pG23A [14] 

back2.v2_rev See above 

seq_pr3 See above pZWF1.27 (sequencing, 
primers used separately), 
YSBN6 Zwf1-mCherry-
AID gDNA verification 
PCR amplicon (sequencing) 

seq_pr4 See above 

fw_zwf1_cds See above pZWF1.27 (linearization), 
YSBN6 Zwf1-mCherry-
AID gDNA (verification) rv_zwf1_down See above 

GA_MitoLoc_mCherry_f
orw 

tagctagccgcggtaccaagcttactcgagG
AGCTCCACCGCGGTGG 

pMitoLoc2 (from Markus 
Ralser lab) 

To create 
pGA29 
plasmid GA_MitoLoc_GFP_rev aaacagatctggcgcgccttaattaacccgG

GTACCGGCCGCAAATTAAA
GCC 

KanMX_pC22A_forw CGGGTTAATTAAGGCGCGC pTEF:ATP [14] 

TCYC1_pC22A_rev CTCGAGTAAGCTTGGTACC
GC 

 
Liquid media used for cultivation, Related to Figures 1- 3, 5, S1-S4, S6-S9 
In this study, we used two minimal media and one complex medium. The first minimal 
medium was modified Verduyn minimal medium [82]. We composed it using four stock 
solutions: 10x buffer solution, 5x salt solution, 100x tracer salt solution and 1000x 
vitamin solution. 10x buffer solution represented 100 mM solution of potassium 
phthalate monobasic (HOOCC6H4COOK, Sigma-Aldrich, 60360) in water with pH set 
to 5 with KOH (Fisher Scientific, 10113190), after filtering this solution was stored at 
room temperature for several months. 1 L of 5x salt solution contained 25 g of 
(NH4)2SO4 (Sigma-Aldrich, 09978), 15 g of KH2PO4 (Sigma-Aldrich, P5655) and 2.5 g 
of MgSO4·7H2O (Sigma-Aldrich, 63138) dissolved in water, and after filtering was 
stored at room temperature for several months. 1 L of 100x tracer salt solution 
contained 2.135 g of EDTA (Na4EDTA·2H2O, Sigma-Aldrich, ED4SS), 0.449 g of 
ZnSO4·7H2O (Supelco, 1.08883), 0.031 g of CoCl2·6H2O (Supelco, 1.02539), 0.099 g 
of MnCl2·4H2O (Sigma-Aldrich, M5005), 0.03 g of CuSO4·5H2O (Supelco, 1.02790), 
0.45 g of CaCl2·2H2O (Sigma-Aldrich, 223506), 0.297 g of FeSO4·7H2O (Sigma-
Aldrich, 215422; light-blue-green powder), 0.044 g of NaMoO4·2H2O (Sigma-Aldrich, 
M1651), 0.1 g of H3BO3 (Sigma-Aldrich, B7901) and 0.01 g of KI (Sigma-Aldrich, 
221945) dissolved in water, and after filtering was stored at 4°C for several months in 
a glass bottle wrapped in aluminium foil until the colour of the solution changed from 
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light-green to light-red. 1 L of 1000x vitamin solution contained 0.05 g of D-biotin 
(Sigma-Aldrich, B4501), 1 g of D-pantothenic acid hemicalcium salt (Sigma-Aldrich, 
21210), 1 g of nicotinic acid (Sigma-Aldrich, 72309), 25 g of myo-inositol (Millipore, 
57570), 1 g of pyridoxine hydrochloride (Sigma-Aldrich, P9755), 0.2 g of 4-
aminobenzoic acid (Sigma, A9878) and 1 g of thiamine hydrochloride (Sigma-Aldrich, 
T4625) dissolved in water, and after filtering was stored at 4°C for several months. The 
modified Verduyn minimal medium was supplemented with appropriate carbon 
sources which are indicated in the sections describing the experiments where this 
medium was used. 

The second minimal medium was yeast nitrogen base medium without amino acids, 
referred to as YNB, which was prepared by dissolving 6.9 g of the powder (Formedium, 
CYN0410) in 1 L of water and, after filtering, stored at 4°C for several months. YNB 
was supplemented with 2% (20 g/L) or 0.015% glucose (Millipore, 49159). We used 
YPD as the complex medium composed of 1% (10 g/L) yeast extract (Difco, 212750), 
2% (20 g/L) peptone (Difco, 211677) and 1% glucose (Millipore, 49159) dissolved in 
water and filtered before storing at room temperature for several months. 

Cultivation, Related to Figures 1-3, 5, S1-S4, S6-S9 

Several days before an experiment, we recovered a necessary strain from its glycerol 
stock stored at -80°C by growing it for two-three days on a 2%-glucose YPD agar plate. 
A small part of a single colony was picked from the plate and inoculated into 10 mL of 
a liquid medium in a 100-mL shake flask in the evening, which initiated a pre-culture. 
If we planned to eventually grow cells in the microfluidic device in a medium with 1% 
glucose or 2% pyruvate, this pre-culture was based on 1% glucose. Alternatively, if we 
planned to eventually grow cells in the microfluidic device in a medium with 2% 
glucose, the pre-culture was based also on 2% glucose. The pre-culture was grown 
overnight at 30°C at a shaking speed of 300 rpm with the preculture’s OD600nm being 
in the morning of the next day typically lower than 1, thus indicating the exponential 
state. If we planned to eventually grow cells in the microfluidic device in a medium with 
1 or 2% glucose (high glucose), a new culture was started from the pre-culture by 
diluting it in the same medium (10 mL in a 100-mL shake flask) at the OD600nm in the 
range 0.0125-0.05. This new culture was grown at 30°C at a shaking speed of 300 rpm 
for several hours so that the OD600nm increases at least two-fold, and at the OD600nm in 
the range 0.08-0.2 cells were loaded in the microfluidic device according to instructions 
from [35,36]. Cultivating cells in 2% pyruvate and 0.015% glucose are described in the 
sections of the corresponding experiments. 

Before using a medium in a microfluidic experiment, we filtered and prewarmed it by 
shaking in a flask at 30°C for at least 30 minutes. While assembling the system that 
provides the medium to the microfluidic device (based on a syringe pump or an air-
pressurized pump assisted by a flow sensor), we took necessary precautions not to 
contaminate the medium (working close to a Bunsen burner or in a laminar flow 
cabinet, disinfecting tubing with ethanol and drying it with compressed clean air). 
During experiments, cells were kept in the microfluidic device under constant 
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conditions by providing fresh medium for controlled periods of time. Specific cases of 
decreasing oxygen level or media switches are described in the sections of the 
corresponding experiments. 

Experiments with dynamic switches between aerobic and microaerobic 
conditions, Related to Figure 1A 
1% glucose modified Verduyn minimal medium was used to cultivate the cells of the 
strain YSBN6 Atp3-mCherry (Table S1). To maintain the aerobic condition in the 
microfluidic device with cultivated cells, we continuously provided the medium that, 
right before the experiment, had been aerated by shaking for several hours in 100-mL 
Erlenmeyer flask. To make the cells’ environment microaerobic, we provided the 
medium that had been bubbled with nitrogen for one hour immediately before the 
experiment. To minimise the exposure of this medium to atmospheric oxygen, we did 
not change its reservoirs before the experiment and bubbled nitrogen in the syringe that 
was later used to inject the medium in the microfluidic chamber. The syringe pump was 
employed to maintain the medium flow rate at 3.6-4 µL/min. To switch between the 
aerobic and microaerobic conditions, in a close proximity to the microfluidic device, 
we cut and reconnected the tubing coming from two syringes that contained the aerated 
and nitrogen-bubbled media, respectively. 

To decrease the contact of the nitrogen-bubbled medium with atmospheric oxygen 
through the tubing or the material of the microfluidic device (PDMS), we added a range 
of accessories to the microfluidic setup. First, we connected the syringe with this 
medium to the air-impermeable tubing (VICI Jour, JR-T-6130-M3) that, in ~10 cm 
proximity to the microfluidic device, was attached to the Tygon microbore tubing 
(0.030 inch ID × 0.090 inch OD) followed by the PTFE microbore tubing (0.012 inch 
ID × 0.030 inch OD) wrapped in parafilm and epoxy glue. A short fragment of the 
Tygon and PTFE micobore tubing needed for the medium switch in the closest vicinity 
to the microfluidic device was not protected by the parafilm and epoxy glue. 

As the second modification to the microfluidic setup previously described in [35,36], 
we used a transparent plastic plate of ~5 mm thickness to close the top of the metal 
holder that accommodated the cover slip at the bottom and, on it, the PDMS chip both 
forming the microfluidic device. With the help of screws, the cover slip and the plastic 
plate were tightly connected to the metal holder, with a grease applied at interfaces to 
block contacts with the outside air. The plastic plate contained three small holes with 
the diameter slightly bigger than 0.030 inch through which PTFE microbore tubing was 
inserted to connect with the PDMS chip’s inlet, side channel and outlet, respectively. 
The plastic plate also contained two bigger holes with 0.090 inch diameter to one of 
which Tygon microbore tubing providing nitrogen when necessary was tightly 
connected. Therefore, the PDMS chip with the microfluidic chamber with trapped cells 
was concealed in a small box formed by the metal holder, the cover slip and the plastic 
plate. When the aerated medium was switched to the nitrogen-bubbled one, this box 
was continuously ventilated with nitrogen, preventing the increase of oxygen level in 
the cells’ environment due to the air permeability of PDMS. 
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Microscopy details: Setup 2A; 40x objective; BF (3V, 50 ms), NAD(P)H (15%, 200 ms), 
GFP (2%, 30 ms), RFP (25%, 250 ms); time step 𝛿𝑡 = 5 min. 

Studying NAD(P)H dynamics in the quadruple gene mutant of carbohydrate 
storage metabolism, Related to Figure 1B 
1% glucose modified Verduyn minimal medium was used to cultivate the cells of the 
strain YSBN6 ΔTps1ΔTps2ΔGsy1ΔGsy2 (Table S1). Microscopy details: Setup 2A; 
100x objective; BF (3V, 200 ms), NAD(P)H (20%, 200 ms); time step 𝛿𝑡 = 5 min. The 
syringe pump was employed to maintain the medium flow of 4.8 µL/min. 

Studying NAD(P)H dynamics during the cell cycle in different growth 
conditions, Related to Figure 2 
Experiments were performed with the strain YSBN6.G2J (Table S1) that has the 
cassette KanMX4-pTEF1-mGFP-AID-tCYC-pADH1-AtTIR-tADH1 in the HO 
locus, however, these experiments did not focus on properties originating from this 
cassette. Cells were cultivated either in modified Verduyn’s minimal medium (MM) [82] 
or in YPD. In case of conditions containing 1% glucose, cells were cultivated in two 
consecutive exponentially growing batch cultures and then loaded to the microfluidic 
device. To get cells growing on 2% pyruvate MM in the microfluidic device, we first 
inoculated the strain in a flask with 1% glucose MM for a one-day cultivation to pass 
the diauxic shift, then diluted the culture at the OD 0.1 in a flask with 2% pyruvate MM 
for an overnight growth and, again, diluted the culture at the OD ~0.05 in the same 
medium so that the cells grew exponentially for a day before the loading. The syringe 
pump was employed to maintain the medium flow in the microfluidic device. The 
composition of the media as well as the details of microscopy and microfluidic 
cultivation are given in Table S3. We detrended single-cell NAD(P)H traces (average 
pixel intensity in the mother cell compartment), dividing them by the corresponding 
curves obtained using LOWESS with large window sizes for line fitting (see window 
size values in Table S3). Before detecting the phase of NAD(P)H oscillation’s crest and 
trough, we smoothed the detrended NAD(P)H traces using LOWESS with small 
window sizes for line fitting (Table S3). 

 
Table S3. Growth conditions among which NAD(P)H oscillations associated with the 
cell cycle were compared. MM denotes modified Verduyn’s minimal medium. Microscopy 
channel names are followed by the percentage of the maximal light intensity and the exposure. 

Growth condition: name 
used in Figure 2 (in bold), 
composition 

Microscopy and 
microfluidics details: setup; 
objective; channels; time step 
δt; medium flow rate 

Window sizes of line 
fitting in LOWESS: for 
detrending and smoothing 

1% Glu, 

1% (10 g/L) glucose MM 

Setup 2A; 100x objective; BF 
(3V, 50 ms), NAD(P)H (15%, 
150 ms), GFP (15%, 150 ms), 

60 and 6 time points 



 80 

RFP (15%, 150 ms); 𝛿𝑡 = 5 
min; 3.6 µL/min 

1% Glu (2), 

1% (10 g/L) glucose MM  

Setup 1A, 40x objective; BF 
(3V, 50 ms), NAD(P)H (15%, 
100 ms), GFP (15%, 80 ms), 
RFP (15%, 200 ms); 𝛿𝑡 = 2.5 
min; 4 µL/min 

120 and 10 time points 

2% Pyr, 

2% (20 g/L) pyruvate MM 

Setup 2A; 40x objective; BF 
(3V, 50 ms), NAD(P)H (8%, 
80 ms), GFP (8%, 80 ms), RFP 
(8%, 200 ms); 𝛿𝑡 = 10 min; 
3.6 µL/min 

75 and 8 time points 

2% Pyr (2), 

2% (20 g/L) pyruvate MM 

Setup 2A; 40x objective; BF 
(3V, 50 ms), NAD(P)H (8%, 
80 ms), GFP (8%, 80 ms), RFP 
(8%, 80 ms); 𝛿𝑡 = 10 min; 3.6 
µL/min 

75 and 8 time points 

1% Glu + LM, 

1% (10 g/L) glucose MM 
supplemented with 1% 
(0.01 L/L) Lipid Mixture 1 
(Sigma, L0288) 

Setup 1A; 100x objective; BF 
(3V, 50 ms), GFP (15%, 200 
ms), NAD(P)H (15%, 200 ms); 
𝛿𝑡 = 5 min; 3.6 µL/min 

60 and 6 time points 

1% Glu + CSM, 

1% (10 g/L) glucose MM 
with 790 mg/L complete 
supplement mixture (CSM; 
Formedium, DCS0019) and 
200 nM AlexaFluor 594 dye. 
The cells were switched to 
this condition in the 
microfluidic device from 
1% Glu (2).  

 

The same as in 1% Glu (2) 

 

The same as in 1% Glu (2) 

The data more than 4 
hours after the switch is 
processed. 

1% Glu YPD, 

1% (10 g/L) glucose YPD 

Setup 2A; 100x objective; BF 
(3V, 50 ms), GFP (15%, 150 
ms), NAD(P)H (15%, 200 ms); 
𝛿𝑡 = 5 min; 3.6 µL/min 

60 and 6 time points 
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Semi-automatic detection of mitotic exit (ME) and START in Whi5 localisation 
dynamics, Related to Figures 3, 5D-E, S1-S2, S4, S6, S9 

Observing the localization of Whi5 tagged with a fluorescent protein (sfGFP, mGFP 
or mCherry), we identified the time points of the cell-cycle events of two kinds, namely, 
mitotic exit (ME) and START. Specifically, we calculated the ratio between the standard 
deviation and mean of the pixel intensities in a cell segmentation (mother-cell 
compartment) at each time point of the movie. Further, we automatically detected those 
time points before which this ratio’s derivative reaches its local maxima (ME) and 
minima (START) (Python’s method scipy.signal.argrelextrema with 𝑥 time points on each 
side to compare, where 𝑥 = 12 if 𝛿𝑡 = 6 or 𝑥 = 24 if 𝛿𝑡 = 3). To exclude wrongly 
identified events and add missing ones, we visually inspected the single-cell traces of 
the ratio, having the knowledge that ME precedes START followed by budding and 
that the time period between budding and ME is usually bigger than between ME and 
budding. In some cell cycles, it was impossible to identify ME and START due to noise 
in the ratio.  

Tracing single-cell volume, surface area and sfGFP production rate during the 
cell cycle, cross-correlation analysis for the derivatives of cell surface area and 
NAD(P)H, Related to Figures 3A, 3B, 3F, 3H, S1, S9 
Experimental settings 
To study the cell volume, cell surface area, the production rate of sfGFP as well as the 
correlation between the derivatives of the cell surface area and NAD(P)H level, we 
monitored microscopically the strain YSBN6.tetO7-sfGFP (Table S1) with tetO7-
sfGFP-KanMX in HO locus and Whi5-mCherry-BLE. This strain was cultivated in the 
microfluidics device with the syringe pump continuously providing 2% YNB at the 5 
µL/min flow rate. Microscopy was done every δt=6 min with the setup 1B, 100x 
objective and in the following channels: BF (3V, 50 ms), GFP (2%, 100 ms), RFP (10%, 
600 ms), NAD(P)H (4%, 200 ms). 

Tracing single-cell volume 

To work with a continuous cell volume trace 𝑉(𝑡)	{𝑓𝐿} without the abrupt drop 
corresponding to cytokinesis, we considered a cell cycle to be confined within two 
mitotic exits (𝑀𝐸), excluding the first but including the last one: 𝑡 ∈
(𝑀𝐸%,𝑀𝐸%&']	{𝑚𝑖𝑛}. Excluding the first 𝑀𝐸 is motivated by the fact that cytokinesis 
happens soon after it. 

In general, the cell volume 𝑉 comprises the mother 𝑉< and daughter 𝑉¦ parts. We 
calculated 𝑉< and 𝑉¦ separately, using the radii of the ellipse that ImageJ’s plugin BudJ 
fitted to the mother and daughter compartments (also referred to as cells) in the bright-
field image. Specifically, we assumed that the mother and daughter cells are prolate 
spheroids, therefore, 𝑉< and 𝑉¦ are calculated via §

¨
𝜋𝑅𝑟h, where 𝑅 and 𝑟 are the major 

and minor radii, respectively. Given the microscope’s resolution, it was infeasible to 
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accurately segment daughter cells with BudJ for some time after budding (3 time points, 
that is 18 minutes, as the median across 25 analysed cell cycles). In the corresponding 
time points, the daughter cell volume was reconstructed using linear interpolation 
between the zero volume at budding and the first volume calculation on the basis of 
BudJ-derived radii (5.6 fL as the median). Eventually, a cell-cycle trace of the cell 
volume was assembled as follows: 𝑉(𝑡) = 𝑉<(𝑡) + 𝑉¦(𝑡), 𝑡 ∈ (𝑀𝐸%,𝑀𝐸%&'], with 
𝑉¦(𝑡) equal to zero until budding (Figure S1A). 

Next, we smoothed the cell volume to filter out local fluctuations caused by imperfect 
segmentation and to capture visible global behaviour (Figure S1A). To support 
smoothing at the beginning and end of a cell-cycle trace, we used the data in the adjacent 
50 minutes of the preceding and following cell cycles, translating the cell volume down 
and up to abolish the discontinuity caused by cytokinesis: 

𝑣(𝑡), 𝑡 ∈ (𝑀𝐸% − 50,𝑀𝐸%&' + 50] = ª
𝑉¦;��(𝑡), 𝑡 ∈ (𝑀𝐸% − 50,𝑀𝐸%]

𝑉(𝑡), 𝑡 ∈ (𝑀𝐸%,𝑀𝐸%&']
𝑉«�(𝑡), 𝑡 ∈ (𝑀𝐸%&',𝑀𝐸%&' + 50]

. 

Particularly, in the preceding cell cycle, we subtracted the daughter cell volume at 𝑀𝐸: 
𝑉¦;��(𝑡) = 𝑉(𝑡) − 𝑉¦(𝑀𝐸%), 𝑡 ∈ (𝑀𝐸% − 50,𝑀𝐸%]. Similarly, in the following cell 
cycle, we added the daughter cell volume at 𝑀𝐸 belonging to the cell cycle of interest: 
𝑉«�(𝑡) = 𝑉(𝑡) + 𝑉¦(𝑀𝐸%&'), 𝑡 ∈ (𝑀𝐸%&',𝑀𝐸%&' + 50]. We smoothed the cell 
volume 𝑣(𝑡) → 𝑉><;;(�(𝑡), 𝑡 ∈ (𝑀𝐸% − 50,𝑀𝐸%&' + 50] with the LOWESS 
method selecting the time window size of line fitting individually in each cell cycle based 
on visual inspection of the smoothing quality. The selected window sizes spanned 
between 5 and 10 time points, reaching 7 in the median. To present the cell volume 
dynamics, we extracted the values of 𝑉><;;(�(𝑡) in the interval	𝑡 ∈ [𝑀𝐸%,𝑀𝐸%&']. To 
obtain the derivative of the cell volume, we differentiated the cubic spline that goes 
through the points of 𝑉><;;(�(𝑡), 𝑡 ∈ (𝑀𝐸% − 50,𝑀𝐸%&' + 50] and extracted the 
values in the interval	𝑡 ∈ [𝑀𝐸%,𝑀𝐸%&']. 
Tracing single-cell surface area 

The cell surface area 𝑆 was also perceived as the sum of the mother and daughter cell 
surface areas: 𝑆< + 𝑆¦ , each of which was calculated according to the prolate spheroid 

assumption: 2𝜋𝑟h(1 + 
wV
arcsin 𝑒), where 𝑒 = ´1 − wµ

µ
, and 𝑅 and 𝑟 are the major 

and minor radii, respectively (Figure S1B). We tackled the discontinuity caused by 
cytokinesis analogously to processing the cell volume and smoothed the data 𝑠(𝑡) →
𝑆><;;(�(𝑡), 𝑡 ∈ (𝑀𝐸% − 50,𝑀𝐸%&' + 50] applying LOWESS with the window size 
equal to 8 time points in all 25 analysed cell cycles. At the first time point when BudJ 
was able to segment a daughter cell, its median surface area was 15.6 µm2. To present 
the cell surface area dynamics, we extracted the values of 𝑆><;;(�(𝑡) in the interval	𝑡 ∈
[𝑀𝐸%,𝑀𝐸%&']. To obtain the derivative of the cell surface area, we differentiated the 
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cubic spline that goes through the points of 𝑆><;;(�(𝑡), 𝑡 ∈ (𝑀𝐸% − 50,𝑀𝐸%&' + 50] 
and extracted the values in the interval	𝑡 ∈ [𝑀𝐸%,𝑀𝐸%&']. 
Calculating the production rate of sfGFP 

We assumed that there is no active degradation of unfused fluorescent proteins and, 
therefore, calculated the production rate of sfGFP 𝑟>¶·L¸(𝑡) directly by differentiating 
its abundance and considering the maturation kinetics of the fluorescent protein. To 
obtain for this purpose a cell-cycle trace of sfGFP abundance 𝐴>¶·L¸(𝑡) (Figure S1D), 
we multiplied two smoothed traces, namely: (i) of sfGFP fluorescence averaged across 
the mother cell pixels 𝐹>¶·L¸><;;(�(𝑡) (Figure S1C) and (ii) of cell volume 𝑉><;;(�(𝑡) 
(Figure S1A). We smoothed the cell-cycle trace of sfGFP fluorescence together with 
the data from the adjacent cell cycles using the LOWESS method: 𝐹>¶·L¸(𝑡) →
𝐹>¶·L¸><;;(�(𝑡), 𝑡 ∈ (𝑀𝐸% − 50,𝑀𝐸%&' + 50] (Figure S1C). The sfGFP fluorescence is a 
continuous readout, unaffected by cytokinesis, therefore, we did not pre-process 
𝐹>¶·L¸(𝑡), 𝑡 ∈ (𝑀𝐸% − 50,𝑀𝐸%&' + 50] by translating the data from the adjacent cell 
cycles up and down like we did with the cell volume and surface area. The individually 
selected window sizes for the smoothing spanned between 6 and 10 time frames, 
reaching 8 in the median. To obtain the first and second derivatives of the cell-cycle 
trace of sfGFP abundance, we differentiated the cubic spline that goes through the 
points of 𝐴>¶·L¸(𝑡), 𝑡 ∈ (𝑀𝐸% − 50,𝑀𝐸%&' + 50] and extracted the values in the 
interval, 𝑡 ∈ [𝑀𝐸%,𝑀𝐸%&']. To account for sfGFP maturation kinetics while calculating 
the sfGFP production rate, we used the model described in [91] and assumed the sfGFP 

maturation half-time 𝑡'/h equal to 6 minutes [40]: 𝑟>¶·L¸(𝑡) =
(//µ
W�h

∙
¦µM¹º»¼½(()

¦(µ
+

¦M¹º»¼½(()

¦(
, where 𝑟>¶·L¸(𝑡) is the sfGFP production rate (Figure S1E). Without 

accounting for sfGFP maturation, we used the first derivative of the cell-cycle trace of 
sfGFP abundance 𝐴>¶·L¸(𝑡) as the production rate of this protein: 𝑟>¶·L¸(𝑡) =
¦M¹º»¼½(()

¦(
 (Figure S1F). 

Cross-correlation analysis for the derivatives of cell surface area and NAD(P)H 

In the cross-correlation analysis for the derivatives of the cell surface area and 
NAD(P)H fluorescence, we used ¦

¦(
𝑆><;;(�(𝑡), 𝑡 ∈ [𝑀𝐸%,𝑀𝐸%&'] and 

¦
¦(
𝐹�M$(¸)¾
><;;(� (𝑡), 𝑡 ∈ [𝑀𝐸%,𝑀𝐸%&'], where 𝐹�M$(¸)¾

><;;(� (𝑡) is a trace of the mother-cell-
average NAD(P)H fluorescence smoothed via the LOWESS method with the window 
size of 8 time points. To get the cross-correlation function, we run Python’s method 
numpy.correlate (NumPy v.1.13.3) on the mean-subtracted traces and divided the result 
by the number of the time points and the standard deviation of each trace. 
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Dynamic perturbation experiments, Related to Figures 3C-E, 3G, 5E, S2-3 
Experimental settings 

Multiple XY-regions of the microfluidic device were microscopically observed in the 
bright-field, NAD(P)H, GFP and RFP channels with the time interval 𝛿𝑡 of 6 minutes 
via the microscopy setup 1B and 100x objective. We provided cells in the microfluidic 
device with a medium allowing normal growth (control medium) for several hours and 
afterwards switched it to almost the same medium that additionally contained a 
compound leading to a metabolic perturbation (perturbation medium) (Table S4). 

To precisely control the flow rate in the microfluidic device, we used an air-pressurized 
pumping system (OB1, Elveflow) together with a flow sensor (MFS2, Elveflow). The 
media replacement was performed automatically with a microfluidic flow switch matrix 
(MUX distributor, Elveflow). The control medium was usually provided at the flow rate 
5 µL/min (in the first hours of some experiments the flow rate was reduced up to 3.6 
µL/min in order to retain more cells in the microfluidic device). The media switch and 
the provision with the perturbation medium were always done at the flow rate 5 
µL/min. The time of the arrival of the perturbation medium into the microfluidic device 
was calculated by multiplying the flow rate and the total inner volume of the system 
providing the medium (the combination of the flow switch matrix, flow sensor and 
tubing with the length similar among different experiments). In case of CYH and NAA 
addition, the microscopy’s time point of or right after the arrival of the perturbation 
medium was confirmed by observing a sharp drop of NAD(P)H fluorescence. For 
convenience, we called the first time point of microscopy equal to or right after the 
calculated time of the perturbation medium arrival as 𝑡>�%(2�. In some experiments, the 
perturbation medium arrived to the microfluidic device during imaging so that some 
XY-regions had 𝑡>�%(2� one 𝛿𝑡 bigger that others (in case of CYH and NAA addition, 
it was seen in the dynamics of NAD(P)H signal averaged within XY-regions). In an 
independent experiment with the shift to a fluorescent dye (C368, Thermo Fisher), we 
found that, having arrived in the microfluidic device, the new medium fully replaces a 
previous one within approximately 10 minutes. Thus, at 𝑡>�%(2� and sometimes also at 
the next time point of microscopy, the concentration of a perturbation compound in 
the microfluidic device is likely lower than stated in Table S4.  
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Table S4. Conditions and strains in the dynamic perturbation experiments 
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Data analysis 
To infer the cell-cycle activity pattern of an inhibited process, we implemented the 
following data analysis pipeline.  

1. In the microscopy movie, we traced the maximal number of cells that budded at least 
twice in the control medium and remained after 𝑡>�%(2�, which constituted the initial 
set of cells 𝑆0. With a custom macro in ImageJ, for each cell 𝑐 ∈ 𝑆0, we recorded the 
time points of budding events and stored them in the sorted array 𝐿"#$(𝑐) =
[𝑡"#$' (𝑐), … , 𝑡"#$� (𝑐)], |𝐿"#$(𝑐)| ≥ 2. 

2. To decrease the uncertainty in aligning the single cell responses to perturbation along 
cell cycle, we focused the analysis on the predominant subpopulation of fast-dividing 
cells. Specifically, we constructed the distribution of the time duration between two 
latest budding events before 𝑡>�%(2�. For further analysis, we selected the cells within 
the interval of the median +/- standard deviation of this distribution, which resulted in 
a smaller set of cells 𝑆1 (Figure S2A). 

3. For each cell 𝑐 ∈ 𝑆1, via the semi-automatic procedure described above, we obtained 
the sorted arrays with the time points of mitotic exit (ME) and START events: 
𝐿V(𝑐), |𝐿V(𝑐)| ≥ 0, ∀𝑒 ∈ {𝑀𝐸, 𝑆𝑇𝐴𝑅𝑇}. 
4. To identify the average relative timing of the cell cycle events during normal growth, 
we studied the position of ME and START between two latest budding events before 
𝑡>�%(2�. Specifically, defining that ME happens at 0 minutes of cell cycle, we calculated 
the average relative timing of START and budding in minutes, ∆𝑡Ã̅ÄMÄ  and ∆𝑡"̅#$ , in 
the analysed cells of 𝑆1 (by definition, ∆𝑡~̅s = 0). We also used the difference between 
the two latest budding events to get the average cell cycle duration ∆𝑡Å̅Å . 

5. To decrease the contribution of measurement noise to the activity pattern, we 
smoothed the single-cell NAD(P)H traces: from 𝐹w=�2 (𝑡) to 𝐹><;;(�2 (𝑡), 𝑡 ∈
{𝑡<%�2 + (𝑖 − 1)𝛿𝑡}%r'�k , where 𝑡<%�2  is the first time point in minutes when the cell 𝑐 
was imaged and 𝑛2 is the total number of time points it was imaged. Specifically, we 
applied the Savitzky-Golay filter with the window length 7 and the third order of the 
polynomial used to fit the raw data (Python’s method scipy.signal.savgol_filter). An 
advantage of this filter for smoothing the NAD(P)H oscillations is that the resulting 
function minutely follows rather than severely cuts away the protruding data points of 
the crest and trough (Figure 3C). In case of CYH and NAA addition, which caused a 
sharp drop of NAD(P)H fluorescence, we broke each trace in two pieces, before and 
after the media switch, and smoothed them separately to prevent biasing the filter. To 
assist smoothing at the edges of the two pieces, we considered as if there were three 
more data points at each edge with the same value (the method’s mode=”nearest”). Once 
smoothing was done in two separate pieces of the single cell trace, they were eventually 
merged back. We calculated the derivative value for each pair of adjacent data points in 
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the smoothed NAD(P)H trace and assigned it to the middle between the corresponding 
time frames: �̇�><;;(�2 (𝑡), 𝑡 ∈ {𝑡<%�2 + (𝑖 − 0.5)𝛿𝑡}%r'�k)'. 

6. In each experiment, we identified the first time point of severe metabolic 
perturbation 𝑡� at which the normal population-averaged dynamics of both NAD(P)H 
and growth rate sharply changed (Table S5, Figure S3). Subsequently, we focused on 
the single cells’ NAD(P)H derivative values immediately preceding 𝑡� , {𝑃2}2∈Ã', 𝑃2 =
�̇�><;;(�2 �𝑡� − 0.5𝛿𝑡�, in order to detect in them the cell-cycle-dependent response to 
the perturbation. To align the derivative values of this set along cell cycle, for every cell 
𝑐, we measured 	{𝜃V2}V, the time periods passed from the latest cell cycle event of each 
kind 𝑒 ∈ {𝑀𝐸, 𝑆𝑇𝐴𝑅𝑇, 𝐵𝑈𝐷} till 𝑡� − 0.5𝛿𝑡. Considering that the closest event would 
describe the cell 𝑐’s position in cell cycle most reliably, we picked the smallest of these 
three time periods and adjusted it to match 𝑀𝐸 as the beginning of cell cycle: 𝜑2 =
𝑚𝑖𝑛�{𝜃V2}V∈{~s,ÃÄMÄ,"#$}� + ∆𝑡̅sk  with 𝐸2 = 𝑎𝑟𝑔	𝑚𝑖𝑛V�{𝜃V2}V∈{~s,ÃÄMÄ,"#$}�. 
To ensure that we are processing cells that had normal cell cycle dynamics before 𝑡� 
(e.g. no cell cycle arrest or slowdown), we excluded the cell 𝑐 from the analysis if its cell 
cycle event closest to perturbation was abnormally delayed, specifically, if 𝜑2 >
∆𝑡Ã̅ÄMÄ ∩ 𝐸2 = 𝑀𝐸, 𝜑2 > ∆𝑡"̅#$ ∩ 𝐸2 = 𝑆𝑇𝐴𝑅𝑇 or 𝜑2 > ∆𝑡Å̅Å ∩ 𝐸2 = 𝐵𝑈𝐷.  
Therefore, we arrived to a smaller or the same set of cells 𝑆2, |𝑆2| ≤ |𝑆1|, for which 
we associated the NAD(P)H derivative value 𝑃2 with the position in cell cycle 𝜑2 when 
perturbation happened. Besides, for each cell 𝑐 ∈ 𝑆2, we stored the information about 
the kind of the cell cycle event closest to perturbation, 𝐸2.  
 

Table S5. The time points of severe metabolic perturbation 𝒕𝒑 used to collect the single 
cells’ NAD(P)H derivative values for the analysis of the cell-cycle-dependent response. 
The decision for picking these particular time points comes from observing the population-
averaged dynamics of NAD(P)H and growth rate (reflecting budding frequency) (Figure S3). In 
the replicate experiments of the same perturbation type, we pick 𝑡� in a consistent manner. 

Perturbation 
type 

𝒕𝒑 Comment  

Inhibiting 
protein 
biosynthesis 

Immediately after 
the switch, i.e. 𝑡� =
𝑡>�%(2� 

Abrupt drop of NAD(P)H signal and cessation 
of budding events happen immediately after the 
switch (Figure S3A). 

Inhibiting fatty 
acid biosynthesis 

10 time points after 
the switch, i.e. 𝑡� =
𝑡>�%(2� + 60	𝑚𝑖𝑛 

Abrupt decrease in budding frequency and 
change of NAD(P)H dynamics happen with a 
time delay after the switch (due to either 
adsorption of cerulenin to the microfluidic 
device’s PDMS or prolonged build-up of the 
inhibitor in the cell) (Figure S3B). 
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7. The NAD(P)H derivative value 𝑃2 is thought to contain not only the NAD(P)H 
response to perturbation but also the normal dynamics characteristic to the 
corresponding position in cell cycle 𝜑2 (Figure S2B). Thereby, to obtain the NAD(P)H 
response to perturbation 𝑅2 , we subtracted from 𝑃2 the median value of NAD(P)H 
derivative at the comparable time in the preceding cell cycle: 𝑃2 − 	𝑁(𝜑2), where 

𝑁(𝜙)

= Ë
𝑚𝑒𝑑𝑖𝑎𝑛�{�̇�><;;(�Í (𝐿~s(𝑥)[)h] + 𝜙)}Í∈Ã'�, 0 < 𝜙 ≤ ∆𝑡Ã̅ÄMÄ

𝑚𝑒𝑑𝑖𝑎𝑛({�̇�><;;(�Í �𝐿ÃÄMÄ(𝑥)[)h] + 𝜙 − ∆𝑡Ã̅ÄMÄ�}Í∈Ã'), ∆𝑡Ã̅ÄMÄ < 𝜙 ≤ ∆𝑡"̅#$
𝑚𝑒𝑑𝑖𝑎𝑛({�̇�><;;(�Í �𝐿"#$(𝑥)[)h] + 𝜙 − ∆𝑡"̅#$�}Í∈Ã'), ∆𝑡"̅#$ < 𝜙 ≤ ∆𝑡Å̅Å

 

with 𝐿V(𝑥)[)h] being the time of the second latest cell cycle event 𝑒 before 𝑡>�%(2�. 

Since the NAD(P)H response to perturbation is considered as a proxy for metabolic 
activity which is expressed in non-negative values, we changed the sign of the obtained 
difference if 𝑃2 is on average negative: 𝛼(𝑃2 − 	𝑁(𝜑2)), where 𝛼 = −1 if population-
average NAD(P)H drops at 𝑡� (CYH addition) and 𝛼 = 1 otherwise. 

To make the value of the NAD(P)H response to perturbation comparable to the normal 
dynamics of NAD(P)H, we related the difference 𝑃2 − 	𝑁(𝜑2) to the amplitude of 
𝑁(𝜙) (i.e. the amplitude of NAD(P)H oscillation): 𝑅2 =

Ï(¸k)	�(xk))
<=ÍÐ∈�Ñ,∆qfÒÒÓ�(Ô))<%�Ð∈�Ñ,∆qfÒÒÓ�(Ô)

. 

8. To obtain the desired cell-cycle activity pattern of the inhibited process, we regressed 
the single cells’ values of NAD(P)H response to perturbation {𝑅2}2∈Ãh against the 
corresponding positions in cell cycle {𝜑2}2∈Ãh when these cells had experienced the 
perturbation. Specifically, we implemented the Gaussian process regression (Python’s 
sklearn.gaussian_process) using as a prior the radial basis function (RBF) kernel with the 
length-scale range [2𝛿𝑡, 5(𝑜𝑟	6)𝛿𝑡] and the white kernel with the free noise level, and 
maximizing the log-marginal likelihood. 

Identification of the typical cell-cycle phase of karyokinesis, Related to Figure 
S4 
The strain YSBN6 Hta2-mRFP1 (Table S1) was cultivated in 2% glucose YNB. 
Microscopy details: Setup 2A; 100x objective; BF (3V, 50 ms, EM gain 1), GFP (20%, 

Using the auxin-
inducible degron 
system (Ugp1 
and Zwf1 
depletion, 
control 
experiment) 

3 time points after 
the switch, i.e. 𝑡� =
𝑡>�%(2� + 18	𝑚𝑖𝑛 

The immediate drop of NAD(P)H signal after the 
switch is caused by an effect of NAA unrelated 
to the enzyme depletion since the drop is 
observed also in the strain lacking the degron 
(Figure S3E). Therefore, we pick the later time 
point which corresponds to a significant drop of 
budding frequency caused by the enzyme 
depletion (Figures S3C-D). 
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200 ms, EM gain 3), RFP (10%, 100 ms, EM gain 3), BF (3V, 50 ms, +0.5 µm in z-axis, 
EM gain 1), BF (3V, 50 ms, -0.5 µm in z-axis, EM gain 1); time step 𝛿𝑡 = 3 min. The 
syringe pump was used to maintain the flow rate of 2.4 µL/min in the microfluidic 
device. 

Converting the measured dimensionless biosynthetic activities into rates 
expressed in absolute units via a mathematical model describing cell mass 
during the cell cycle, Related to Figures 4 and S5 
To convert the activities of protein, lipid and polysaccharide biosynthesis, obtained with 
the perturbation-based method and expressed in arbitrary units, into the biosynthetic 
rates expressed in pg/min as well as to estimate these biosynthetic rates for RNA and 
DNA, we formulated a mathematical model describing the dynamics of cell-mass and 
its composition during the cell cycle. This model represents an optimisation problem, 
which we solved employing General Algebraic Modeling System (GAMS) (GAMS 
Development Corporation, release 25.0.3) with the local solver CONOPT3 [86]. The 
description of the model is assisted by the Figure S5 presenting the values of almost all 
variables after the optimisation. 

1. Cell cycle phases 

𝑡 ∈ 𝑇 = {𝑇%}%r'� , 𝛿𝑡 = 𝑇%&' − 𝑇% 
Parameters: 

𝑡	(𝑚𝑖𝑛) – the cell cycle phase regarding ME. 

𝑇' = 3	𝑚𝑖𝑛 – the first cell cycle phase regarding mitotic exit (ME) at which the 
biosynthetic activities were measured with the perturbation-based method. We assume 
that cytokinesis happens at this cell cycle phase. 

𝑇� = 𝑇2VWW	2Ö2WV = 99	𝑚𝑖𝑛 – the phase of the next ME, the cell cycle duration. 

𝛿𝑡 = 6	𝑚𝑖𝑛 – the time step (used in microscopy imaging during dynamic perturbation 
experiments). 

2. Cell volume (Figure S5B) 

𝑉(𝑡) = 𝑉<(𝑡) + 𝑉Vww , 𝑉(𝑡) > 0 

−𝜎�<=Í ≤ 𝑉Vww ≤ 𝜎�<=Í 
Variables: 

𝑉(𝑡)	(𝑓𝐿) – the estimated cell volume during the cell cycle. 

𝑉Vww 	(𝑓𝐿) – the error for the volume estimation. 

Parameters: 

𝑉<(𝑡)	(𝑓𝐿) – the posterior mean (Gaussian process regression with radial basis 
function (RBF) kernel used as a prior) of the cell volume obtained in single-cell 
measurements (Figure S1I, solid curve). Although, when summarising the cell-volume 
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dynamics across multiple cell-cycle traces, we related the phase to four cell-cycle events 
making it dimensionless (from 0 to 1), here we replaced this dimensionless phase by the 
phase measured in minutes 𝑡 ∈ 𝑇, motivated by the fact that the average cell-cycle 
duration corresponding to the summarised cell-volume traces is similar to 𝑇2VWW	2Ö2WV . 
Specifically, we used for this optimisation problem the part of the curve of the posterior 
mean between and including the phases 0.03 and 1, and assigned the new phases 𝑡 ∈ 𝑇 
used here. 

𝜎�<=Í	(𝑓𝐿) – the maximal posterior standard deviation (Gaussian process regression 
with RBF kernel) of the cell volume during the cell cycle (Figure S1I, half of the maximal 
width of the shaded area between the phases 0.03 and 1). 

3. Integral estimate of cell mass (Figure S5A,B) 

𝑚%�((𝑡) = 𝑉(𝑡) ∙ 𝐷W%(Vw=(«wV(𝑡), 𝑚%�((𝑡) > 0 

Variables: 

𝑚%�((𝑡)	(𝑝𝑔) – the integral estimate of the cell-cycle-phase-dependent wet mass of 
the cell, i.e. including water. 

Parameters: 

𝐷W%(Vw=(«wV(𝑡)	(𝑝𝑔/𝑓𝐿) – the cell-cycle-phase-dependent cell density derived from 
literature [64]. In this source, the cell-cycle phase was measured from cytokinesis to 
cytokinesis and related to the cell-cycle duration, becoming dimensionless (from 0 to 
1). Since the density was measured at discrete phases, we fit a cubic spline going through 
the measurements, obtaining a continuous curve. We aligned this literature-derived cell-
cycle-phase-dependent curve of the cell density to the cell-cycle timing used here 𝑡 ∈
𝑇, assuming that the phase of ME regarding cytokinesis is  0.(96) (96 min/99 min) and 
replacing the dimensionless phases by the phases measured in minutes 𝑡 ∈ 𝑇. This 
conversion of the phases may not have a high level of accuracy since, in the source, the 
doubling time was 66 min, whereas 𝑇2VWW	2Ö2WV = 99	𝑚𝑖𝑛. 

4. Composite estimate of cell mass (Figure S5A,C,D) 

𝑗 ∈ 	 {𝑝𝑟𝑜𝑡𝑒𝑖𝑛𝑠, 𝑙𝑖𝑝𝑖𝑑𝑠, 𝑝𝑜𝑙𝑦𝑠𝑎𝑐𝑐ℎ𝑎𝑟𝑖𝑑𝑒𝑠, 𝐷𝑁𝐴,𝑅𝑁𝐴} 

𝑚¦wÖ
2;<�(𝑡) = ∑ 𝑚Ú(𝑡)Ú + 𝑚w	 ⋅ 𝑉(𝑡), 𝑚¦wÖ

2;<�(𝑡) > 0 

𝑚2;<�(𝑡) = ∑ 𝑏ÚÚ 𝑚Ú(𝑡) + 𝑏w ⋅ 𝑉(𝑡), 𝑚2;<�(𝑡) > 0 

𝑏Ú > 1, 𝑏Ú ≥ 𝑏ÚW;�Vw  

𝑏w > 𝑚w > 0 

∑ 𝑚¦wÖ
2;<�(𝑡)(

∑ 𝑚2;<�(𝑡)(
= 𝜔 

𝜔W;�Vw ≤ 𝜔 ≤ 𝜔«��Vw  
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Variables: 

𝑚¦wÖ
2;<�(𝑡)	(𝑝𝑔) – the cell-cycle-phase-dependent dry mass of the cell. 

𝑚Ú(𝑡)	(𝑝𝑔) – the mass of the major biomass component 𝑗 at the phase 𝑡. 

𝑚w	(𝑝𝑔/𝑓𝐿) – the mass of remaining dry material per cell-volume unit (e.g. metabolites, 
metal ions whose mass, as a whole, is assumed to scale with the cell volume). 

𝑚2;<�(𝑡)	(𝑝𝑔) – the composite estimate of the wet mass (to approximate 𝑚%�((𝑡) in 
the optimisation). 

𝑏Ú – the mass of the component 𝑗 together with the accompanying water divided by the 
mass of the dry component 𝑗. By definition, 𝑏Ú is bigger than 1. 

𝑏w	(𝑝𝑔/𝑓𝐿)  – the mass of the remaining material with the accompanying water per 
cell-volume unit. 

𝜔 – the fraction of the dry mass regarding the wet mass in the population of 
asynchronous cells with the uniform distribution across the cell cycle (which is assumed 
to correspond to the fraction of the dry mass regarding the wet mass of the cell reported 
in population-level studies). 

Parameters: 

𝑏ÚW;�Vw– the lower boundary for 𝑏Ú (Table S6). 

𝜔W;�Vw , 𝜔«��Vw  – the lower and upper boundaries for 𝜔 (Table S6). 

5. Measured dimensionless biosynthetic activities (Figure S5F) 

𝑖 ∈ {𝑝𝑟𝑜𝑡𝑒𝑖𝑛𝑠, 𝑙𝑖𝑝𝑖𝑑𝑠, 𝑝𝑜𝑙𝑦𝑠𝑎𝑐𝑐ℎ𝑎𝑟𝑖𝑑𝑒𝑠} 

𝑓%(𝑡) = 𝑓%<(𝑡) + 𝑓%Vww , 𝑓%(𝑡) > 0 

−𝜎¶-Þ
<=Í ≤ 𝑓%Vww ≤ 𝜎¶-Þ

<=Í 

Variables: 

𝑓%(𝑡)	(𝑎. 𝑢.% 		~	𝑎𝑠𝑠𝑢𝑚𝑒𝑑
�à
<%�

) – the biosynthetic activity estimate. 

𝑓%Vww	(𝑎. 𝑢.% 		~	𝑎𝑠𝑠𝑢𝑚𝑒𝑑
�à
<%�

) – the error for the biosynthetic activity estimation. 

Parameters: 

𝑓%<(𝑡)	(𝑎. 𝑢.% 		~	𝑎𝑠𝑠𝑢𝑚𝑒𝑑
�à
<%�

) – the measured dimensionless biosynthetic activity, 
which is the posterior mean (Gaussian process regression with RBF kernel) of the 
single-cell NAD(P)H response to its inhibition (Figures 3D,E,G, solid curves). 

𝜎¶-Þ
<=Í	(𝑎. 𝑢.% 		~	𝑎𝑠𝑠𝑢𝑚𝑒𝑑

�à
<%�

)  – the maximal posterior standard deviation (Gaussian 
process regression with RBF kernel) of the single-cell NAD(P)H response to its 
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inhibition (Figures 3D,E,G, half of the maximal width of the shaded area between the 
phases of 3 and 99 min). 

6. Biosynthetic rates expressed in absolute units (Figure S5E) 

𝑖 ∈ {𝑝𝑟𝑜𝑡𝑒𝑖𝑛𝑠, 𝑙𝑖𝑝𝑖𝑑𝑠, 𝑝𝑜𝑙𝑦𝑠𝑎𝑐𝑐ℎ𝑎𝑟𝑖𝑑𝑒𝑠}: 

𝐹%(𝑡) = 𝑘%𝑓%(𝑡), 𝐹%(𝑡) > 0. 

We assume that DNA biosynthesis has constant rate between budding and karyokinesis: 

𝐹$�M(𝑡) = á0, 𝑡 ∈
[𝑇', 𝑡"#$) ∪ (𝑡ãã, 𝑇�]

𝑟$�M, 𝑡 ∈ [𝑡"#$, 𝑡ãã]	
, 𝑟$�M > 0. 

To model the dynamics of RNA biosynthesis, we consider separately ribosomal RNA 
(rRNA), accounting for 80% of total RNA [92], and other forms of RNA (oRNA). We 
assume that the rate of rRNA biosynthesis is proportional to the rate of protein 
biosynthesis during its first wave (from kariokynesis through the whole G1 until 
budding) being constant and lower in the rest of the cell cycle. This assumption is based 
on reports that the transcription of genes responsible for rRNA processing and 
ribosome biogenesis peaks once during the cell cycle, specifically in G1 [5,32] and that 
cells delay START sensing deficiencies in ribosome biosynthesis [67]. We assume that 
the biosynthetic rate for less abundant oRNA is constant. 

𝐹�M(𝑡) = 𝐹w�M(𝑡) + 𝐹;�M(𝑡),	𝐹�M(𝑡) > 0 

𝐹w�M(𝑡) = ä
𝑞w�M𝐹�w;(V%�>(𝑡), 𝑡 ∈ [𝑇', 𝑡"#$) ∪ (𝑡ãã, 𝑇�]
𝑞w�M𝐹�w;(V%�>(𝑡"#$ − 𝛿𝑡), 𝑡 ∈ [𝑡"#$, 𝑡ãã]	

, 

𝐹;�M(𝑡) = 𝑞;�M , 𝑞;�M > 0. 

𝑗 ∈ 	 {𝑝𝑟𝑜𝑡𝑒𝑖𝑛𝑠, 𝑙𝑖𝑝𝑖𝑑𝑠, 𝑝𝑜𝑙𝑦𝑠𝑎𝑐𝑐ℎ𝑎𝑟𝑖𝑑𝑒𝑠, 𝐷𝑁𝐴, 𝑟𝑅𝑁𝐴, 𝑜𝑅𝑁𝐴}: 

𝐹Ú>(𝑡) =

⎩
⎪
⎨

⎪
⎧ 𝐹Ú(𝑇�)

𝛿𝑡
2
, 𝑡 = 𝑇'

ê
𝐹Ú(𝜏) + 𝐹Ú(𝜏 − 𝛿𝑡)

2
𝛿𝑡

(

ìrÄ/&í(

+ 𝐹Ú(𝑇')
𝛿𝑡
2
, 𝑡 ∈ [𝑇' + 𝛿𝑡, 𝑇�]

 

𝑚Ú(𝑡) = 𝐹Ú>(𝑡) +𝑚Ú
�. 

Linking the masses of RNA, rRNA and oRNA: 

𝐹�M> (𝑡) = 𝐹w�M> (𝑡) + 𝐹;�M> (𝑡), 

𝑚�M(𝑡) = 𝑚w�M(𝑡) +𝑚;�M(𝑡), 
∑ <îïðñ(()q
∑ <ïðñ(()q

= 𝜉w�M . 

Utilising the literature-derived mass fractions of macromolecules: 

𝑙 ∈ 	 {𝑝𝑟𝑜𝑡𝑒𝑖𝑛𝑠, 𝑙𝑖𝑝𝑖𝑑𝑠, 𝑝𝑜𝑙𝑦𝑠𝑎𝑐𝑐ℎ𝑎𝑟𝑖𝑑𝑒𝑠, 𝐷𝑁𝐴, 𝑅𝑁𝐴}, 
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∑ <ó(()q
∑ <ôîõ

köÞ÷(()q
= 𝜉W , 

∑ 𝜉WW = 1 − 𝜉=>� , 

0.9𝜉W< ≤ 𝜉W ≤ 1.1𝜉W< , 

0.9𝜉=>�< ≤ 𝜉=>� ≤ 1.1𝜉=>�< . 

Variables: 

𝐹%(𝑡)	(𝑝𝑔/𝑚𝑖𝑛) – the biosynthetic rate for the biomass component 𝑖, such as proteins, 
lipids, polysaccharides, RNA, rRNA (ribosomal RNA), oRNA (RNA excluding rRNA) 
or DNA. RNA is the union of rRNA and oRNA. This rate is expressed in absolute 
units. 

𝑘%	(
�à

=.«.-∙<%�
) – the proportionality constant used in the conversion of the activity of 

the biosynthesis of the component 𝑖 into the biosynthetic rate. 

𝑟$�M	(𝑝𝑔/𝑚𝑖𝑛) – DNA replication rate (assumed to be constant between budding and 
karyokinesis). 

𝑞w�M – the proportionality factor between the rates of rRNA and protein biosyntheses 
during the G1-wave of the latter. 

𝑞;�M	(
�à
<%�

) – the assumed constant rate of oRNA biosynthesis.  

𝐹Ú>(𝑡)	(𝑝𝑔) – the mass of the component 𝑗 synthesized from the phase 0, that is mitotic 
exit, to 𝑡. 

𝑚Ú
�	(𝑝𝑔)	– the mass of the component 𝑗 at the phase 0 in the mother cell, i.e. the mass 

inherited from the preceding cell cycle. 

𝑚Ú(𝑡)	(𝑝𝑔) – the mass of the component 𝑗 at the phase 𝑡. 

𝜉W and 𝜉=>�  – the fractions of the component 𝑙’s mass and the ash mass (not proteins, 
lipids, polysaccharides, DNA and RNA) regarding the dry mass in the population of 
asynchronous cells with the uniform distribution across the cell cycle (which is assumed 
to correspond to the reported fractions of biomass components in the dry mass of the 
cell). 
Parameters: 

𝑡"#$ = 33	𝑚𝑖𝑛, 𝑡ãã = 81	𝑚𝑖𝑛 – the phases of budding and karyokinesis between 
which DNA replication is assumed to happen. This phase for budding is chosen among 
𝑇 = {𝑇%}%r��  as the closest to the mean phase of budding observed in multiple 
experiments (Figures 3D,E,G). DNA replication is assumed to begin at budding in line 
with [28,45,66]. Karyokinesis is identified as the rapid drop in the amount of the histone 
protein Hta2 in the mother cell (Figure S4). 
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𝜉w�M = 0.8 – the mass fraction of rRNA relative to total RNA in the population of 
asynchronous cells with the uniform distribution across the cell cycle (which is assumed 
to correspond to the reported fraction) [92] 

𝜉W< , 𝜉=>�<  – the literature-derived values for 𝜉W and 𝜉=>�  (Table S6). 

7. Biomass inherited from the preceding cell cycle in the mother cell (Figure S5G) 

𝑗 ∈ 	 {𝑝𝑟𝑜𝑡𝑒𝑖𝑛𝑠, 𝑙𝑖𝑝𝑖𝑑𝑠, 𝑝𝑜𝑙𝑦𝑠𝑎𝑐𝑐ℎ𝑎𝑟𝑖𝑑𝑒𝑠, 𝐷𝑁𝐴, 𝑅𝑁𝐴, 𝑟𝑅𝑁𝐴, 𝑜𝑅𝑁𝐴} 

𝑥Ú = 𝑥Ú< + 𝑥ÚVww  

−𝜎ÍøÞ ≤ 𝑥ÚVww ≤ 𝜎ÍøÞ  

𝑥�w;(V%�> = 𝑥�M > 𝑥W%�%¦> = 𝑥�;WÖ>=22�=w%¦V>* 

𝑥Ú ∙ 𝑚Ú(𝑇�) = 𝑚Ú
� 

Variables: 

𝑥Ú  – the estimated fraction of the component 𝑗’s mass present in the mother cell at 
mitotic exit. 

𝑥ÚVww  – the error for the estimation of this fraction. 

Parameters: 

𝑥Ú< , 𝜎ÍøÞ – the average and standard deviation of the measured fraction of the 

component 𝑗’s mass present in the mother cell at mitotic exit. This fraction is calculated 
on the basis of the cell volume for proteins and RNA, and on the basis of the cell 
surface area for lipids and polysaccharides (Table XS). 

* – in individual cell-cycle traces, it was observed that the fraction calculated on the 
basis of the cell volume is bigger than the fraction calculated on the basis of the cell 
surface area. 

The 𝑥Ú  can be strictly applied to the phases of mitotic exit. Since 𝑇' follows mitotic exit, 
the cell volume is allowed to be slightly higher: 

𝑥�w;(V%�> ∙ 𝑉(𝑇�) < 𝑉(𝑇') 

1.05 ∙ 𝑥�w;(V%�> ∙ 𝑉(𝑇�) > 𝑉(𝑇') 

8. Constraint for protein concentration dynamics (Figure S5H) 
According to the dynamics of the signals of fluorescent proteins, protein concentration 
peaks once during the cell cycle, increasing in G1 and decreasing in the second half of 
S/G2/M: 

𝑐�w;(V%�>(𝑡) =
<÷îöql-o¹(()

�(()
, 

𝑐�w;(V%�>(𝑡) − 𝑐�w;(V%�>(𝑡 − 𝛿𝑡) > 0.001, 𝑡 ∈ [9,33], 
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𝑐�w;(V%�>(𝑡) − 𝑐�w;(V%�>(𝑡 − 𝛿𝑡) < −0.001, 𝑡 ∈ [69,93]. 

Variables: 

𝑐�w;(V%�>(𝑡)	(
�à
¶W
) – protein concentration. 

9. Objective function (Figure S5A) 

𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒ê (𝑚%�((𝑡) − 𝑚2;<�(𝑡))h
Äo

(rÄÑ
 

Table S6. Values of some parameters used in the mathematical model describing cell 
mass during the cell cycle and converting the measured dimensionless biosynthetic 
activities into the rates expressed in absolute units. Polysaccharides are abbreviated with 
p.s., mitotic exit with – ME. 

Parameters Values Sources 

𝑏�w;(V%�>W;�Vw  1.4 [93,94] 

𝑏W%�%¦>W;�Vw 1.5 22 water molecules in two hydration shells per 
dipalmitoylphosphatidylcholine in a bilayer [95] 

𝑏�.>.W;�Vw 2.0 2 water molecules per a hydroxyl group of glucose 
under its high concentrations [96] 

𝑏$�MW;�Vw 2.1 20 water molecules per nucleotide [97] 

𝑏�MW;�Vw 2.1 The hydration of RNA is expected to be higher than 
that of DNA due to the extra hydroxyl group. 

𝜔W;�Vw, 𝜔«��Vw  0.3, 0.4 [98,99] 

𝑐�w;(V%�><  0.566 From Table 2 of [100], we took all values except those  
for trehalose and glycogen, calculated the means across 
the cell-cycle phases and normalized them so that the 
values add up to 1. 

𝑐W%�%¦><  0.067 

𝑐�.>.<  0.199 

𝑐$�M<  0.006 

𝑐�M<  0.087 

𝑐=>�<  0.075 

𝑥Ú< , 𝜎ÍøÞ	𝑓𝑜𝑟	𝑗 ∈
	{𝑝𝑟𝑜𝑡𝑒𝑖𝑛𝑠, 𝑅𝑁𝐴} 

0.732, 
0.047 

The average and standard deviation of the ratio of the 
mother-cell volume regarding the total volume at ME in the 
25 cell-cycle traces that were also used to get 𝑉<(𝑡) and 
𝜎�<=Í employed in the optimisation. 

𝑥Ú< , 𝜎ÍøÞ	𝑓𝑜𝑟	𝑗 ∈
	{𝑙𝑖𝑝𝑖𝑑𝑠, 𝑝. 𝑠. } 

0.665,  
0.036 

The average and standard deviation of the ratio of the 
mother-cell surface area regarding the total surface area at ME 
in the 25 cell-cycle traces that were also used to get 
𝑉<(𝑡) and 𝜎�<=Í employed in the optimisation. 

𝑥$�M< , 𝜎Í,ðñÞ  0.5, 0 Half of DNA remains in the mother cell at cytokinesis. 
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An experiment to estimate the glucose uptake rate during the cell cycle, Related 
to Figures 5D and S6 

After cultivating the strain YSBN6 WHI5-mCherry in two consecutive exponentially 
growing batch cultures with the 2% (m/V) glucose YNB medium, we loaded the cells 
into the microfluidic device. With microscopy imaging every δt=6 minutes, we 
monitored the cells inside the microfluidic device in the following channels: BF (3V, 50 
ms), GFP (2%, 200 ms), RFP (10%, 600 ms) and NAD(P)H (4%, 200 ms). In the 
microfluidic device, we cultivated the cells for ~12 hours in the YNB medium with 
0.015% (m/V) glucose and 0.62% (V/V) DMSO. During this period of cultivation, we 
used the air-pressurized pumping system together with the flow sensor to maintain the 
flow rate of 2-2.2 µL/min. Afterwards, we paused the time-lapse microscopy for 8.5 
minutes and, in the beginning of this period, stopped the flow of the medium for ~2 
minutes to switch it manually (Switch 1), by cutting and reconnecting the tubing in the 
~10 cm proximity of the microfluidic device. Specifically, we switched to the YNB 
medium with 0.015% (m/V) glucose, 0.62% (V/V) DMSO and 180 µM 2-NBDG 
(Thermo Fisher, N13195) (DMSO was used to dissolved 2-NBDG in its 10 mg/mL 
stock). After two consecutive rounds of imaging of all XY-positions in the microfluidic 
chamber, we paused the microscopy again for 17.6 minutes and, in the beginning of 
this period, stopped the medium flow for ~2 minutes to manually switch back to the 
previous medium lacking 2-NBDG (Switch 2). 

It took ~11 minutes for the medium with 2-NBDG (GFP channel) to appear in the 
microfluidic chamber (the time difference between Switch  1 and the imaging of the first 
XY-positions with the median green fluorescence in the field of view higher than before 
Switch 1). We observed the medium with 2-NBDG in the microfluidic device for 7.3 
minutes (the time difference between the observations of the first and last XY-positions 
with the median green fluorescence in the field of view higher than before Switch 1). 
Given that the replacement back to the medium without 2-NBDG also took ~11 
minutes and accounting for the ~2 minute flow pause before Switch 2, the total time of 
the glucose analogue being in the extracellular environment was ~20.3 minutes. The 
middle of this time period in the time-lapse movie, 𝑡� , was then used to measure the 
cell cycle phase when individual cells experienced the pulse of 2-NBDG, which was 
done in the same manner as in the processing of the dynamic perturbation experiments 
(using the latest cell cycle event before 𝑡� , excluding cells with abnormally long cell 
cycle phases (Figure S6A) etc., for more details look above).  

While processing this movie, we did not subtract background in the GFP channel since 
it was constant at all time points except when the medium contained 2-NBDG (Figure 
S6B). To measure the fluorescence of the intracellular (acquired) 2-NBDG, we used the 
first microscopy image after Switch 2. We did not use an image with the medium 
containing 2-NBDG because the high extracellular fluorescence under and above a 
segmented cell likely confounds the intracellular fluorescence in the wide-field 
microscopy (which is supported by large values of fluorescence within the cell’s 
segmentation (Figure S6B) and gradual decrease in pixel intensities moving from the 



 97 

cell’s edges to the centre). To remove the contribution of the cellular autofluorescence 
in the GFP channel to the measurement of the intracellular 2-NBDG fluorescence, we 
subtracted from the cell’s fluorescence after Switch 2 the mean value of the 
autofluorescence in the five time points before Switch 1 (Figure S6B) (we did not 
observed a cell-cycle dependency of the cellular autofluorescence, therefore, correction 
for it was not cell-cycle-related, rather it was individual-cell-related). By implementing 
this correction, we also removed the contribution of the background to the measured 
fluorescence within the cell’s segmentation. 

We noticed that the cells decreased the fluorescence of the accumulated 2-NBDG as a 
function of the time that they were kept in the medium without the glucose analogue 
(perhaps due to reverse transport to the environment) (Figure S6B). The first 
microscopy imaging after Switch 2 that we used to measure the accumulated 2-NBDG 
was done at slightly different time moments in different XY-positions, therefore, the 
cells in these positions were kept in the analogue-free medium for slightly different time 
periods. We found that the cells in the positions that were imaged later had lower values 
of the intracellular fluorescence. To correct for it, we united the cells from four XY-
positions imaged immediately after each other, calculated the median fluorescence of 
the accumulated 2-NDBG in these cells and normalised by it the individual cell values. 
After this normalisation, we merged the cells from all XY-positions, assigned to them 
the cell cycle phases in which they experienced the pulse and run the Gaussian process 
regression to find a cell-cycle dependency in the intracellular 2-NBDG fluorescence. In 
the regression, we used as a prior the radial basis function (RBF) kernel with the length-
scale range [2δt,6δt] and the white kernel with the free noise level, and maximized the 
log-marginal likelihood (Figure S6C). We also implemented the same analysis without 
the normalisation, arriving to a similar cell-cycle pattern (Figure 5D).  
In the analysis, we measured the intracellular 2-NBDG fluorescence after the pulse of 
this analogue lasted for the same period of time for all the cells. Therefore, on the basis 
of this fluorescence, we can compare the rate of the uptake of 2-NBDG and thus 
glucose among the cells, with the rate units likely proportional to <;W

ú∙<%�
. 

Looking at the cells that already adapted to the conditions inside the microfluidic device 
at the end of ~12 h period of cultivation before Switch 1, we found that their cell cycle 
duration was longer than in 2% glucose, with which the dynamic perturbation 
experiments were done (Figure S6A versus S2A). Thus, the glucose uptake rate 
estimated here perhaps only qualitatively can be related to the results in the dynamic 
perturbation experiments. 

Estimating mitochondrial membrane potential with the sensor MitoLoc, 
Related to Figures 5F and S7 
Cells with the genome-integrated MitoLoc-expressing gene (YSBN6 MitoLoc, Table 
S1) were grown in modified Verduyn’s minimal medium with 1% (m/V) glucose and 
2% (m/V) pyruvate according to the cultivation schemes described above. Microscopy 
details: Setup 2A; 100x objective; BF (3V, 50 ms), NAD(P)H (15%, 100 ms) for 1% 
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glucose and NAD(P)H (15%, 200 ms) for 2% pyruvate, GFP (8%, 80 ms), RFP (10%, 
100 ms); time step 𝛿𝑡 = 5 min for 1% glucose and 𝛿𝑡 = 15 min for 2% pyruvate. The 
syringe pump was used to maintain the flow rate of 3.6 µL/min in the microfluidic 
device. 
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ABSTRACT 
Pyruvate is a hub of key pathways in primary metabolism, which makes it desirable for 
research and industrial applications to be able to dynamically measure pyruvate 
concentration in single cells. We introduced a recently developed FRET-sensor for 
pyruvate, successfully used in animal cells, into yeast and extensively tested the sensor 
in vivo. Although the sensor modulated its readout during carbon-source switches, the 
senor failed to reliably distinguish metabolic conditions with distinctly different 
intracellular pyruvate concentrations due to experimental variability of the readout. 
Most notably, we uncovered that in targeted dynamic perturbations the sensor does not 
report changes of pyruvate concertation as measured with an enzyme assay, which 
shows that the sensor does not function in yeast. Surprisingly, we found that the 
unfunctional pyruvate sensor changes its FRET efficiency in a periodic fashion during 
the cells cycle, exposing an artefact possibly affecting other FRET-sensors used to study 
cell-cycle-associated dynamics. 

INTRODUCTION 
Pyruvate is at the intersection of key pathways in the core carbon and energy 
metabolism. This metabolite is a final product of glycolysis appearing in the pathway’s 
rate-limiting reaction catalyzed by pyruvate kinase. Pyruvate feeds the Krebs cycle after 
being converted to acetyl-CoA by pyruvate dehydrogenase or after being modified to 
oxaloacetate by anaplerosis’ pyruvate carboxylase, which also commences 
gluconeogenesis. Besides, pyruvate is crucial for alcoholic fermentation, transforming 
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into acetaldehyde via pyruvate decarboxylase. Directly contributing to biomass 
production, pyruvate is a precursor of the amino acid alanine in the reaction catalyzed 
by alanine transaminase. In the light of an observed substantial variance of 
concentration across metabolic conditions and a high number of interactions with other 
biomolecules, it was recently suggested that pyruvate could be a flux-signaling 
metabolite [1]. Thus, important insights into cellular metabolism could be gained if 
there was a tool to measure pyruvate concentration dynamically and in single cells. 

A recently developed FRET-sensor for pyruvate, Pyronic, [2] seems to be a promising 
tool in this regard. This sensor was built using a bacterial pyruvate-binding 
transcriptional regulator, PdhR, and two fluorescent proteins, namely, mTFP and 
Venus. The sensor has been employed to measure pyruvate dynamics in multiple studies 
focused on animal cells, such as mammalian cell lines INS-1E and HEK293(T) [2–4] 
as well as rodent [5–8] and fly [9] neural cells. Given the promise of the pyruvate sensor 
in animal cells, it would be beneficial to introduce it into Saccharomyces cerevisiae, which is 
a crucial model organism in the studies of metabolism and cell cycle, as well as a 
commonly used cell factory in biotechnology. Since the usage of FRET-sensors in vivo 
is prone to artefacts caused by, for example, pH [10], non-specific ligand binding [11], 
fluorescent protein maturation [12] etc., the pyruvate sensor requires an extensive 
validation before it can be used in yeast. 

Here, we expressed a codon-optimized version of the pyruvate sensor in yeast and 
extensively tested it on the single-cell level with the help of fluorescence microscopy 
and microfluidics. We examined the ability of the sensor to report intracellular pyruvate 
concentration in various metabolic conditions, for which we measured it via an 
independent method. The sensor was not able to reliably differentiate between the 
metabolic conditions with distinctly different intracellular pyruvate concentrations (1-2 
mM versus 50 mM) due to experimental variability of the sensor’s readout across 
independent cultivations of cells on the same carbon source. Although the sensor 
showed changes of the FRET-ratio in diverse dynamic carbon-source switches, we 
found that the sensor fails to report the verified accumulation of pyruvate in cytoplasm 
when the metabolite’s transport to mitochondria is blocked. Despite the identified 
inability of the sensor to report pyruvate in yeast, we discovered that the sensor’s 
FRET-ratio robustly oscillates during the cell cycle being almost in antiphase to the 
previously characterized NAD(P)H oscillations, suggesting that the sensor is 
confounded by factors changing during the cell cycle. This work demonstrates the 
importance of thorough examination of a FRET-sensor after introducing it into a new 
organism, and encourages caution to be exercised when using FRET-sensors. 
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RESULTS 
The sensor fails to reliably distinguish metabolic conditions with different 
pyruvate concentration in independently cultivated cells due to experimental 
variability 
A necessary indication of the pyruvate sensor functioning in yeast cells would be its 
ability to distinguish the metabolic conditions in which pyruvate has different 
intracellular concentrations. To find such conditions suitable for testing the sensor, we 
measured the concentration of this metabolite in cells of different strains and 
consuming various carbon sources. Specifically, we cultivated YSBN6 strain [13] on 
high glucose thereby obtaining cells with a high glycolytic flux. To get cells with a lower 
glycolytic flux and higher respiratory activity, we took TM6* strain with a single, high-
affinity hexose transporter [14,15] and grew this strain on high glucose. Besides, we 
starved the YSBN6 strain depriving it of carbon and energy sources for almost a day, 
and, finally, cultivated the TM6* strain on lactate, where cells also rely on respiration. 
We quenched cells from these four cultures in cold methanol with an additional washing 
step and extracted intracellular metabolites with a boiling ethanol solution, adapting a 
protocol supporting high pyruvate stability [16]. Employing a lactate-dehydrogenase 
assay with an excess of NADH, we measured pyruvate in the extracted samples and, 
after considering the cell-volume averages and cell counts in the four cultures, derived 
the respective intracellular pyruvate concentrations (see Materials and Methods, Figure 
S1A).  

Here, we found that YSBN6 and TM6* cells on high glucose as well as starved YSBN6 
cells have similar population-average intracellular pyruvate concentrations around 1-2 
mM (Figure 1A, S1B), which are within the reported in vitro dynamic range of the sensor 
(Figure 1A, S1B, color bar). Further, we discovered that TM6* cells growing on lactate 
reach at least one order of magnitude higher intracellular concertation of pyruvate, with 
the mean being around 50 mM across replicate extractions and enzyme-assay 
measurements (Figure 1A, S1B). Having observed that non-starved cells excrete 
pyruvate into environment (Figure S1C), we confirmed that the extracellular pyruvate 
does not confound our intracellular pyruvate measurements by showing that skipping 
the wash of quenched-cell pellets in methanol does not change the pyruvate 
measurement results (Figure S1D). Note, however, that we cannot exclude a potential 
adsorption of pyruvate on the cell wall causing an overestimation of intracellular 
pyruvate concentration. Thus, via an enzyme assay, we identified two groups of 
metabolic conditions (YSBN6 and TM6* on glucose, starved YSBN6 versus TM6* on 
lactate) under which cells have distinctly different pyruvate concentrations. 

To test whether the pyruvate sensor can distinguish these metabolic conditions 
associated with different intracellular pyruvate concentrations, we aimed to grow cells 
expressing the sensor under the same conditions and compare the sensor readout, 
mTFP/Venus ratio, among them. To minimize the confounding influence of cellular 
autofluorescence, which may be different among these metabolic conditions, on the 
signals of the sensor mTFP and Venus, we took a number of technical precautions. 
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First, we codon-optimized the sensor gene for yeast, striving to get a higher level of 
expression. Second, we introduced the sensor’s gene into genome (rather than into a 
plasmid, which, in our experience, tends to decrease its copy number over generations 
even despite having a centromere and a selection marker), and put the gene under the 
control of the strong promoter pTEF1, which was successfully used to adapt an ATP 
FRET-sensor [17] for yeast [18]. 

 

 

 

 

 

 

 

 

 

 
Figure 1. Due to high experimental variability, the sensor fails to reliably distinguish 
metabolic conditions with distinctly different intracellular pyruvate concentrations, 
independently identified through an enzyme assay. A. Population-average intracellular 
pyruvate concentration in various metabolic conditions identified via a lactate-dehydrogenase 
assay, cell-volume and cell-count measurements (see Materials and Methods). The metabolic 
conditions include YSBN6 and TM6* strains cultivated on 1% glucose (high and low glycolytic 
flux, respectively), YSBN6 strain under carbon-source starvation and TM6* strain cultivated on 
2% lactate. The circular markers show replicate measurements of pyruvate concentration, which 
correspond to replicate flask cultivations (only in case of TM6* Glu), replicate metabolite 
extractions and replicate enzyme-assay-based measurements (see Figure S1B, where the same 
pyruvate-concentration values are labeled by respective replicate types). The x-marker shows the 
mean of the replicate measurements, with the whiskers covering two standard deviations. 
Although we also found pyruvate in the cultivation media of non-starved cells (Figure S1C), it 
likely does not affect the intracellular pyruvate measurements as skipping washing of quenched-
cell pellets does not change the derived values of intracellular pyruvate concentration (Figure 
S1D). The color bar in its zoomed-in (left) and zoomed-out (right) versions shows the previously 
reported dynamic range of the sensor with the corresponding values of mTFP/Venus ratio 
obtained from in vitro measurements (adopted from the pyruvate dose-dependent continuous 
curve in Figure 2C of the original work [2]). B. The sensor mTFP/Venus ratio (FRET ratio) in 
single cells (circles) under various metabolic conditions. Cells in YSBN6 Glu Experiment (Exp.) 
1, TM6* Glu Exp.1, YSBN6 starved and TM6* Lac were cultivated in the microfluidic device 
[19,20], cells in  YSBN6 Glu Exp. 2 and TM6* Glu Exp.2 were cultivated under agarose pads. 
To get the signals of mTFP and Venus, we removed the confounding effect of autofluorescence 
in the corresponding microscopy channels using the signals of cells without the sensor that grew 
in the same microfluidic device or under the same agarose pad (autofluorescence correction was 
not performed in case of TM6* Glu Exp. 2). We present the average values of the mTFP/Venus 



 109 

ratio in the single-cell traces spanning for one (both Exp. 2) or three (the rest) hours after loading 
under the agarose pads or into the microfluidic device. The boxes are constrained by the upper 
(Q3) and lower (Q1) quartiles with the horizontal line inside denoting the median, the whiskers 
cover the values within Q3 + 1.5(Q3-Q1) and Q1 - 1.5(Q3-Q1). We present the data of 91 cells 

for YSBN6 Glu Exp. 1 (0.35 1/h average growth rate in the microfluidic device: 
!"#∙%&

'
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, where 

𝑁-. and 𝑁-/ are the numbers of budding events and single cell traces), 56 cells for TM6* Glu 
Exp. 1 (0.20 1/h), 14 cells for YSBN6 starved (0 1/h), 23 cells for TM6* Lac (0.15 1/h), 222 
cells for YSBN6 Glu Exp. 2 and 125 TM6* Glu Exp. 2. We do not show the values of 7 cells in 
TM6* Glu Exp. 2 whose mTFP/Venus ratio is higher than 1.2, however, we use these values to 
construct the box plot. In case of YSBN6 starved and TM6* Lac, cells were loaded in the 
microfluidic device from the cultures that, several hours before, had been diluted (with the same 
media) from the cultures whose intracellular pyruvate concentration was measured with the 
enzyme assay (A). 

 

Taking these measures resulted in 31- and 26-fold higher fluorescence of cells with the 
sensor in Venus and mTFP channels, respectively, compared to the cells lacking it 
(Figures S2A-B). Although cellular autofluorescence in mTFP and Venus microscopy 
channels seems to have no effect on the values of the sensor mTFP/Venus ratio (Figure 
S2C), as a technical precaution, we still subtracted the autofluorescence of cells lacking 
the sensor from the signal of sensor-expressing cells before calculating the 
mTFP/Venus ratio. 

Here, we found that the sensor mTFP/Venus ratio in TM6* cells cultivated on lactate 
is on average higher than in the other three metabolic conditions (Figure 1B), which 
agrees with the enzyme-assay measurements (Figure 1A). Nevertheless, we observed 
that the sensor mTFP/Venus ratio is on average also markedly different between 
independent microscopy experiments with YSBN6 or TM6* cells grown on glucose 
(Figure 1B). This experiment-to-experiment variability makes it impossible to conclude 
that the sensor mTFP/Venus ratio is similar between the cells cultivated on glucose 
and starved, as was expected according to the enzyme-assay (Figure 1A). Thus, high 
variability of the sensor mTFP/Venus ratio in independent cell cultivations, whose 
cause remains unclear, impedes a comparison of the sensor’s readout across metabolic 
conditions in different experiments.  

The sensor responds to dynamic switches between metabolic conditions in 
single cells 

To avoid this experimental variability, we started testing the sensor in single cells 
undergoing different metabolic conditions within one experiment. To investigate 
whether the sensor can respond to dynamic changes of pyruvate concentration in single 
cells, we abruptly switched carbon sources in the medium provided to the cells in a 
microfluidic device [19,20], while observing these cells continuously under the 
microscope. We assumed that certain carbon-source switches, causing metabolic 
rewiring and temporary flux imbalances, might alter pyruvate concentration so that the 
sensor could report it. First, we provided starved YSBN6 cells with medium lacking any 

< Figure 1 
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carbon source for several hours and then substituted it with the medium containing 1% 
glucose. Here, we found that, right before the cell volume started to increase and buds 
to appear, mTFP/Venus ratio increased one unit up within 10 minutes, with this 
readout afterwards gradually recovering to the initial values (Figure 2A). Second, we 
cultivated YSBN6 cells in 2% pyruvate medium, observing mTFP/Venus ratios (Figure 
2B) similar to those of TM6* cells growing on lactate (Figure 1B), when intracellular 
pyruvate concentration is high (Figure 1A). We switched these cells to 1% glucose and 
detected that, right after the spike of NAD(P)H fluorescence, mTFP/Venus ratio began 
to fall, which coincided with an increased cell-volume growth and budding frequency 
(Figure 2B). Finally, we grew YSBN6 cells on low (0.001%) glucose, witnessing the 
highest values of mTFP/Venus ratio (Figure 2C), which are on average one unit higher 
than when cells grow in lactate (Figure 1B) or pyruvate (Figure 2B). Replacing the low 
glucose by high (1%) glucose was found to make mTFP/Venus ratio largely decline, 
which began when cell volume started to increase and buds to appear (Figure 2C). Thus, 
three dynamic switches of carbon sources altering metabolic variables, such as 
NAD(P)H concentration, cell volume, budding frequency and potentially also pyruvate 
concentration, markedly changed the sensor’s readout. 

The switches of carbon sources cause large-scale perturbations of metabolism. 
Therefore, the observed changes of the sensor mTFP/Venus ratio could be also 
explained by the perturbed dynamics of an unknown metabolic variable rather than 
pyruvate concentration. 

 

 

 

 

 

 

 

 

 

 
Figure 2. The sensor responds to dynamic switches of carbon sources. The sensor 
mTFP/Venus ratio (FRET ratio), NAD(P)H fluorescence, mother-cell volume and growth rate 
change due to the switch from no carbon source to 1% glucose (A), from 2% pyruvate to 1% 
glucose (B) and from 0.001% to 1% glucose (C). The experiments were performed with the cells 
of YSBN6 strain cultivated in the microfluidic device. After media switch at the syringe pump 
(denoted by the dashed line), a new medium arrived to the microfluidic device ~70 min later, 
which caused sharp changes in some variables (indicated by the black arrows). The curves 
represent linearly interpolated medians over the indicated numbers of cells, with the shaded 
areas demarking the 95%-confidence intervals calculated by bootstrapping with 5000 iterations. 
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To get the signals of mTFP and Venus in A and B, we removed the confounding effect of 
cellular autofluorescence in the corresponding microscopy channels using the signals of cells 
without the sensor that grew in the same microfluidic device. In C, we did not correct the signals 
of mTFP and Venus. The number of histogram bins is calculated according to Doane’s formula 
applied to the array of budding time points of all cells. The growth rate value in a histogram bin 

𝑡- ≤ 𝑡 < 𝑡- + ∆𝑡 (or in the last bin: 𝑡- ≤ 𝑡 ≤ 𝑡- + ∆𝑡) is calculated as follows: 
!"#∙%&

'

%&
(∙∆6

, where 𝑁-. 

and 𝑁-/ are the numbers of budding events and single cell traces in the bin, respectively, and ∆𝑡 
(h) is the width of the bin. 

 

The sensor fails to report the expected build-up of pyruvate in targeted dynamic 
perturbations of its metabolism 
To test the sensor without accompanying global changes of cellular physiology and thus 
with potentially fewer confounding factors, we performed two targeted dynamic 
perturbations of pyruvate metabolism, in which this metabolite was expected to 
accumulate. First, we dynamically supplemented cells growing in 1% glucose with highly 
concentrated (4%) pyruvate. Here, although we observed a decrease of NAD(P)H 
signal, suggesting that the pyruvate must have arrived inside the cells, the sensor 
mTFP/Venus ratio did not change (Figure 3A), suggesting the sensor does not respond 
to pyruvate. Alternatively, assuming the sensor is functional, this result could also be 
explained either by fast utilisation of imported pyruvate, or by the absence of pyruvate 
transport in this condition, with the decreasing NAD(P)H levels being a consequence 
of the osmotic shock caused by pyruvate addition (Figure 3A, volume). 

For the second targeted perturbation, we employed the inhibitor of mitochondrial 
pyruvate carrier UK-5099, expecting a build-up of pyruvate in cytoplasm where the 
sensor is located. Here, we found that despite a sharp increase of NAD(P)H indicating 
arrival and working of the drug, the sensor mTFP/Venus ratio did not report changes 
in cytoplasmic pyruvate concentration (Figure 3B). Opposing this, with the enzyme-
assay, we confirmed our expectations that intracellular pyruvate increases when this 
drug is added to the cells (Figure 3C). We observed that pyruvate concentration in the 
medium does not change under the drug (Figure S1E), meaning that the measured 
build-up of intracellular pyruvate must indeed be caused by the metabolite’s 
accumulation in cytoplasm rather than by a contamination from extracellular pyruvate 
or its adsorption on the cell wall. Thus, the sensor did not respond to expected and 
confirmed changes of intracellular pyruvate concentration in targeted dynamic 
perturbations, meaning that the sensor is likely not functional in yeast cells. 
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Figure 3. The sensor does not respond to expected accumulation of intracellular 
pyruvate in targeted perturbations of its metabolism. A. The sensor mTFP/Venus ratio 
(FRET ratio) does not change in YSBN6 cells when 4% pyruvate is added to the agarose pad 
with the cells growing on 1% glucose. The pyruvate stock solution was made in the 1% glucose 
medium that was also used to make the agarose pad. B. The sensor mTFP/Venus ratio (FRET 
ratio) does not change significantly in TM6* cells when 100 µM UK-5099, an inhibitor of 
mitochondrial pyruvate carrier, diluted in DMSO is added to the agarose pad with the cells 
growing on 1% glucose. In A-B, we microscopically observed cells under two separate agarose 
pads located on the same cover glass: onto one agarose pad, the pyruvate or inhibitor was added; 
onto the other, the same volume of a control solution was poured. 1% glucose medium and 
DMSO were used as control solutions. We present NAD(P)H dynamics to check whether cells 
respond to treatments. We present the dynamics of mother-cell volume to control whether the 
treatments caused morphological changes due to osmotic shock. The curves represent linearly 
interpolated medians over the indicated numbers of cells, with the shaded areas demarking the 
95%-confidence intervals calculated by bootstrapping with 5000 iterations. To get the signals of 
mTFP and Venus in A, we removed the confounding effect of cellular autofluorescence in the 
corresponding microscopy channels using the signals of cells without the sensor that grew under 
the same agarose pads. In B, we did not autofluorescence-correct the signals of mTFP and 
Venus. C. Population-average enzyme-assay-based measurements reveal that the addition of 100 
µM UK-5099, an inhibitor of mitochondrial pyruvate carrier, increases the intracellular 
concentration of pyruvate in TM6* cells cultivated on 1% glucose. We cultivated two batch 
cultures, quenched two samples per culture for metabolite extraction and measured pyruvate 
twice per extraction (0 min). Right after quenching these untreated cells, we added to one of the 
cultures the inhibitor diluted in DMSO and to the other – only DMSO, 5 and 10 minutes after 
which we quenched two samples per culture and later measured the extracted pyruvate twice per 
sample. The x-marker shows the mean of the replicate measurements, with the whiskers 
covering two standard deviations. Pyruvate concentration in the cultivation media did not 
change (Figure S1E), suggesting that the measured changes in the intracellular pyruvate 
concentration are not confounded by extracellular pyruvate. 
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The FRET-ratio of the likely unfunctional pyruvate sensor oscillates during the 
cell cycle 

Observing that the sensor does not report intracellular pyruvate in targeted 
perturbations of its metabolism (Figure 3), we concluded that the temporal changes of 
the sensor mTFP/Venus ratio in carbon-source switches (Figure 2) are determined by 
a yet unknown metabolic or physical variable (or several variables simultaneously). 
Although the sensor likely cannot be used to measure pyruvate in yeast, it may serve as 
a negative control for the interpretation of the dynamics in other FRET-sensors’ 
readouts. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 4. The FRET-ratio of the likely unfunctional pyruvate sensor oscillates in unison 
with the cell cycle and NAD(P)H oscillator. A. The sensor’s mTFP/Venus ratio (purple), 
budding events (orange lines) and NAD(P)H fluorescence (blue) in two single YSBN6 cells 
growing in 1% glucose. The markers denote the ratio of the mother-cell pixel-average 
fluorescence signals in mTFP and Venus channels (purple), and the mother-cell pixel-average 
NAD(P)H fluorescence signal (blue). The thick curves represent the smoothing with LOWESS 
(6 data points to fit a locally smoothing line). B. The sensor’s mTFP/Venus ratio during the cell 
cycle of YSBN6 strain cultivated in 1% glucose. To remove the confounding effect of cell 
autofluorescence in mTFP and Venus channels, at each cell cycle phase, i.e. cell-cycle-relative 
time, we subtracted from the fluorescence signal of a single cell expressing the sensor the 
respective average fluorescence of the wild-type cells growing in the same microfluidic device 
(Figure S2D-E). The average timing of G1 is derived from an independent experiment with 1%-
glucose-grown YSBN6 cells whose transcriptional repressor Whi5 is tagged with a fluorescent 
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protein (data not shown). The beginning of G1 is manifested by Whi5 entrance into nucleus. 
The asterisk indicates the average cell-cycle phase of START, which was identified as Whi5’s 
loss of nuclear localization. C. NAD(P)H fluorescence during the cell cycle of YSBN6 strain 
cultivated in 1% glucose. In B and C, the curves and shaded areas represent the mean values and 
their 95%-confidence intervals (bootstrapping with 5 000 iterations), respectively. We indicate 
the number of single cells and their cell cycles contributing to the plot. Cell cycles shorter than 
150 minutes were used to make the plot. To calculate the phase, each time point of 𝑡 minutes 
between two adjacent budding events happening at 𝑡789-  and 𝑡789-:;  minutes is converted in the 

following way: 6<6=>?
&

6=>?
&@A <6=>?

& . The corresponding values of the dependent variable are linearly 

interpolated at 100 phase points, from 0 to 1. 

 

To investigate whether the unknown confounding variable changes during the cell 
cycle, we studied single-cell traces of mTFP/Venus ratio in relation to budding, a cell 
cycle marker, and the NAD(P)H dynamic behaviour that was shown to be coupled to 
cell cycle progression [18]. Here, we found that the sensor readout demonstrates robust 
oscillations coupled to cell cycle and NAD(P)H oscillations (Figure 4A). Since cellular 
autofluorescence in the mTFP and Venus channels oscillates during the cell cycle 
(Figures S2D-E), likely showing flavin oscillations [21], we corrected the sensor mTFP 
and Venus signals at each cell-cycle phase by the respective autofluorescence values. 
Nevertheless, even after applying this meticulous correction, we still observed the 
oscillations of mTFP/Venus ratio during the cell cycle (Figure 4B), with the crest in the 
mTFP/Venus ratio following right after the NAD(P)H trough (Figure 4C). Thus, 
although the sensor does not report pyruvate in yeast, it exposes an oscillatory cell-
cycle-associated behaviour of another, unknown variable, which should be considered 
in the development of new FRET-based sensors. 

DISCUSSION 
Through time-lapse fluorescent microscopy and dynamic perturbations of metabolism, 
we found that a FRET-sensor for pyruvate, previously employed in a range of studies 
on animal cells, does not report pyruvate concentration in yeast. Specifically, the sensor 
failed to show an accumulation of intracellular pyruvate caused by the inhibition of the 
mitochondrial pyruvate carrier and independently confirmed in an enzyme assay. 
Nevertheless, the readout of this pyruvate-unresponsive sensor markedly varied across 
independent cultivations of cells on the same carbon source and changed in dynamic 
carbon-source switches, suggesting the sensor’s responsiveness to another, unknown 
variable (or variables) rather than pyruvate concentration. Focusing on the cell cycle 
and implementing careful autofluorescence corrections, we observed pronounced 
oscillations of FRET efficiency in the pyruvate-unresponsive sensor, demonstrating an 
artefact that possibly also affects other FRET-sensors. 

This artefact of cell-cycle-associated changes in FRET efficiency may result from the 
oscillating concentration of another ligand binding to the sensor, which could be an 
issue of low selectivity in this particular sensor. Aside from this, the observed artefact 

< Figure 4 
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may reflect a weakness of FRET-sensors in general employed in the context of cell 
cycle. For example, cell-cycle-associated changes of the measured FRET-ratio could be 
caused by a non-constant expression of the sensor in combination with different 
maturation kinetics of its fluorescent proteins. Indeed, the production rate of a protein 
expressed from the pTEF1 promoter, which controls this sensor, oscillates peaking at 
START [22] (Figure 4B, asterisk). While we lack information about the maturation 
kinetics of mTFP and Venus in the cytoplasmic condition of yeast growing on high 
glucose, it could be possible that these fluorescent proteins mature differently. If the 
donor (mTFP) matured slower than the acceptor (Venus), then, in the light of a recent 
report [12], the mTFP/Venus ratio would be expected to decrease at the cell-cycle 
phases of accelerating sensor expression due to cross-excitation. If the acceptor 
matured slower than the donor, then the mTFP/Venus ratio would increase at the cell-
cycle phases of accelerating sensor expression, what we actually observed around 
START (Figure 4B). 

Another possible explanation of this artefact is altering macromolecular crowding that 
impacts the orientation of the fluorophores regarding each other and causes the FRET-
efficiency to change. Supporting this idea, cell density was found to increase in G1 
(Figure 4B, the phases 0.6-1) and decrease after budding (the phases 0–0.6) [23]. 
Alternatively, the oxygen level may change during the cell cycle differently affecting the 
maturation of the fluorescent proteins and thus impacting the ratio of their signals. 
Moreover, given the existence of NAD(P)H (Figure 4C) and flavin oscillations (Figure 
S2D), different redox-sensitivities of the fluorescent proteins may also confound the 
measured FRET-ratio during the cell cycle. 

This work demonstrated the necessity to extensively test a FRET-sensor after 
introducing it into a new organism and to support results obtained from the sensor with 
an alternative method. Cell-cycle research should be especially cautious when 
employing FRET-sensors since their readouts could be heavily confounded due to the 
dynamic nature of metabolism in the context of cell cycle.  

MATERIALS AND METHODS 
Strains and strain construction 
Saccharomyces cerevisiae strains used in this study (Table S1) have the background of the 
prototrophic S288C-derived strain YSBN6 (MATa FY3 HO::HphMX4) [13] and the 
prototrophic KOY.PK2-1C83-(MATa MAL2-8c SUC2)-derived KOY.TM6*P 
(HXT7prom-TM6*-HXT7term ura3-52::URA3) [15]. These strains referred to as 
YSBN6 WT and TM6* WT were used to implement cellular autofluorescence 
corrections in microscopy. The cassette expressing the sensor was integrated in the HO 
locus of YSBN6 WT and TM6* WT strains using homologous recombination, which 
resulted in YSBN6 Sensor and TM6* Sensor strains. 

The sensor-expressing cassette was assembled on the basis of the plasmid pTEF:ATP 
[18] and consisted of pTEF1 promoter, the sensor ORF, tCYC1 terminator, yeast 
selection marker KanMX4, all flanked by two regions used for homologous 
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recombination in the HO locus. To build the ORF, we codon optimised mTFP-PdhR 
part of the sensor [2] (Addgene plasmid #51308) for Saccharomyces cerevisiae and 
synthesized it via Invitrogen GeneArt Gene Synthesis. We assembled the DNA 
fragment encoding Venus by swapping the order of two parts of the cp173-mVenus in 
the previously codon optimised Ateam 1.03 ATP FRET sensor [17] [18] (Venus 
encoded by the resulting DNA fragment had a substitution from Ala to Lys in the 
position 721 of the 753-amino-acid-long sequence of Venus in the sensor). 

To create the recombinant strains, we implemented the following cloning steps. First, 
we used Gibson assembly (with NEB reagents) to create a plasmid with Escherichia coli 
origin of replication as well as antibiotic selection marker in the backbone and with the 
sensor-expressing cassette flanked by the sequences for homologous recombination. 
The correctness of this plasmid assembly was checked with PCR and sequencing. 
Second, we linearized the plasmid by amplifying its fragment containing the flanking 
sequences and, between them, the sensor-expressing cassette with the yeast selection 
marker. Third, we transformed a target strain with the linear fragment using an 
established protocol [24] and grew the strain on a 2% glucose YPD agar plate with a 
selection agent (G418, plus kanamycin and ampicillin to prevent bacterial 
contamination). Fourth, resulting colonies were re-streaked on a replicate selection plate 
and new colonies on it were inoculated in liquid selection YPD with 2% glucose to 
produce overnight cultures, from which genomic DNA (gDNA) was isolated and 
glycerol stock was made for long-term storage at -80°C. The integration of the sequence 
of interest was verified with PCR from this gDNA and with sequencing of this PCR’s 
amplicon. Table S2 summarises primers used for the plasmid assembly and 
linearization. 

Cultivation 

In all experiments, cells were cultivated in modified Verduyn minimal medium [25], 
referred to as MM. We composed it using four stock solutions: 10x buffer solution, 5x 
salt solution, 100x tracer salt solution and 1000x vitamin solution. 10x buffer solution 
represented 100 mM solution of potassium phthalate monobasic (HOOCC6H4COOK, 
Sigma-Aldrich, 60360) in water with pH set to 5 with KOH (Fisher Scientific, 
10113190), after filtering this solution was stored at room temperature for several 
months. 1 L of 5x salt solution contained 25 g of (NH4)2SO4 (Sigma-Aldrich, 09978), 
15 g of KH2PO4 (Sigma-Aldrich, P5655) and 2.5 g of MgSO4·7H2O (Sigma-Aldrich, 
63138) dissolved in water, and after filtering was stored at room temperature for several 
months. 1 L of 100x tracer salt solution contained 2.135 g of EDTA (Na4EDTA·2H2O, 
Sigma-Aldrich, ED4SS), 0.449 g of ZnSO4·7H2O (Supelco, 1.08883), 0.031 g of 
CoCl2·6H2O (Supelco, 1.02539), 0.099 g of MnCl2·4H2O (Sigma-Aldrich, M5005), 0.03 
g of CuSO4·5H2O (Supelco, 1.02790), 0.45 g of CaCl2·2H2O (Sigma-Aldrich, 223506), 
0.297 g of FeSO4·7H2O (Sigma-Aldrich, 215422; light-blue-green powder), 0.044 g of 
NaMoO4·2H2O (Sigma-Aldrich, M1651), 0.1 g of H3BO3 (Sigma-Aldrich, B7901) and 
0.01 g of KI (Sigma-Aldrich, 221945) dissolved in water, and after filtering was stored 
at 4°C for several months in a glass bottle wrapped in aluminium foil until the colour 
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of the solution changed from light-green to light-red. 1 L of 1000x vitamin solution 
contained 0.05 g of D-biotin (Sigma-Aldrich, B4501), 1 g of D-pantothenic acid 
hemicalcium salt (Sigma-Aldrich, 21210), 1 g of nicotinic acid (Sigma-Aldrich, 72309), 
25 g of myo-inositol (Millipore, 57570), 1 g of pyridoxine hydrochloride (Sigma-Aldrich, 
P9755), 0.2 g of 4-aminobenzoic acid (Sigma, A9878) and 1 g of thiamine hydrochloride 
(Sigma-Aldrich, T4625) dissolved in water, and after filtering was stored at 4°C for 
several months. MM was supplemented with one of the following carbon sources: 1% 
(10 g/L) or 0.001% glucose (Millipore, 49159), 2% lactate (Sigma-Aldrich, L1375), 2% 
pyruvate (Sigma-Aldrich, P2256); alternatively, the medium was not supplemented with 
any carbon source. 

Several days before quenching cells for pyruvate measurements or a microscopy 
experiment, we recovered necessary strains from their glycerol stocks stored at -80°C 
by growing them for two days on 2%-glucose YPD agar plates. Afterwards, single 
colonies were inoculated in MM in flasks where cells were cultivated at 30°C with 
shaking at the speed of 300 rpm. Before loading cells into the microfluidic device 
[19,20], at least two consecutive exponential cultures were grown. Fresh medium was 
provided to the microfluidic device with the help of a syringe pump at the flow rate of 
4 µL/min. The temperature during microscopy experiments with the microfluidic 
device or agarose pads was maintained at 30°C with the help of a custom incubator. An 
extensive description of cultivation in flasks, microfluidic device and agarose pads is 
provided in Supplementary note 1. 

Measuring pyruvate concentration with enzyme assay 
In each culture whose intracellular pyruvate concentration was to be identified, we 
measured cell concentration (values provided in Supplementary note 1) and took several 
samples: I. – two replicate samples for quenching the cells, metabolite extraction and 
intracellular pyruvate measurement (the sample volume indicated in Supplementary 
note 1), II. – one sample for cell-volume measurements (the sample volume indicated 
in Supplementary note 1) and III. – one sample for extracellular pyruvate measurement. 

I. The protocol for quenching the cells and metabolite extraction was adopted from 
[16] and modified. A sample with 3.0 ∙ 10F cells was sprayed into 40 mL of cold 
solution containing 60% methanol (V/V) and 70 mM HEPES (Duchefa Biochemie, 
H1504), pH=7.5 (methanol-buffered solution), and kept at -40°C in cold beads that 
had been stored at -80°C beforehand. The mixture was allowed to cool down for 3 
minutes and centrifuged at 3214 g for 5 minutes at -10°C. The pellet was washed once 
with 40 mL methanol-buffered solution and spun down again. For TM6* Lac, we had 
two additional replicate samples whose pellet was not washed after cell quenching, to 
study the contamination of samples with extracellular pyruvate (Figure S1D). It was 
checked that the temperature of the mixture remained below -20°C after the 
centrifugation. The pellet was stored -80°C for ~1 day. To extract metabolites, we 
added 5 mL of absolute boiling ethanol (Biosolve, 052505) buffered with 2 mL of 1M 
HEPES, pH=7.5 (ethanol-buffered solution), to the frozen cell pellet and incubated the 



 118 

mixture for 3 minutes at 80°C. After cooling down the mixture on ice for 3 minutes, 
we centrifuged it for 4 minutes at 3214 g at 4°C to remove the insoluble particles. The 
volume of the supernatant was reduced by evaporation at 45°C via a rotavapor 
apparatus (Eppendorf Concentrator plus), with the vacuum  progressively adjusted to 
5 mbar using a manometrically-controlled pump. The residue was resuspended in 
double-distilled water, and the final volume of the solution with extracted metabolites 
was recorded (𝑉H). This solution with extracted metabolites was stored at -20°C. 
Pyruvate measurements were performed next day and after a week, therefore, for each 
culture we obtained four values of intracellular pyruvate concentration: two replicate 
extractions ´ two replicate measurements. 

II. The cell-volume distribution was obtained using CASY TT with the manufacturer’s 
protocol. We recorded the average cell volume 𝑉/I!! in each sample: 48.98 fL for 
YSBN6 Glu, 58.99 fL for TM6* Glu (before UK-5099), 66.12 fL for TM6* Glu (before 
DMSO), 39.16 fL for YSBN6 Starved, 74.47 fL for TM6* Lac, 79.12 fL for TM6* Glu 
under UK-5099 (used for t=5 and 10 min), 65.19 fL for TM6* Glu under DMSO (t=10 
min). 

III. 2 mL of each culture were filtered using Costar Spin SX filter to obtain a cell-free 
medium sample, which was stored at -20°C. Pyruvate measurements were performed 
next day and after a week, therefore, for each condition we obtained two values of 
extracellular pyruvate concentration. 

To measure the pyruvate concentration in samples obtained in I and III, we run a 
lactate-dehydrogenase-based assay in the wells of polystyrene flat-base microtest plate 
(SARSTEDT, 82.1581), measuring absorbance of 340-, 900- and 977-nm light in the 
microplate reader TECAN SPARK 10M. Specifically, we monitored the absorbance in 
the wells with two kinds of mixtures, namely: for running the enzymatic conversion of 
pyruvate from stocks of known concentration (to obtain a standard curve, Figure S1A), 
and from the samples I and III. First (time point 𝜏 = 0), we measured the absorbance 
of 900-, 977- and 340-nm light in the volume of 200 µL lacking lactate dehydrogenase. 
Afterwards (𝜏 > 0), we added 100 µL of a lactate-dehydrogenase (Roche, LLDH-RO) 
stock to all wells with an automatic injection, measured the absorbance at 900 and 977 
nm once, and then at 340 nm continuously for 1 hour with regular 10-second orbital 
shaking. The measurements were performed at 28-31°C. All 300-µL mixtures contained 
100 mM HEPES (pH=7), 0.15 units/mL lactate dehydrogenase and 250 µM NADH 
(Sigma-Aldrich, N7004). 300-µL mixtures used for obtaining the standard curve 
contained pyruvate (Sigma-Aldrich, P2256) in one of the following concentrations: 0, 
5, 10, 20, 40, 80 and 160 µM (Figure S1A). 300-µL mixtures used for running the 
enzymatic conversion of culture-derived pyruvate contained 1-10 µL of I-samples in 
case of TM6* Lac, 40-60 µL of I-samples in case of other conditions or 60 µL of III-
samples (these volumes were chosen to keep the final pyruvate concentration in the 
mixture within the range of the standard curve). 
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We calculated the pathlength of light through the 200- and 300-µL mixtures for each 

well 𝑖 via 𝑙-(𝜏) =
P&
QRR	ST(U)<P&

QVV	ST(U)
W.;F

	{𝑐𝑚}, where 𝐴-]^^	"_(𝜏) and 𝐴-]WW	"_(𝜏) are 
the absorbances of the mixture at the time point 𝜏, which is either 0 (corresponding to 
the intended volume 200 µL) or 1 (the first time point with 300 µL), 0.18 is the 
difference between the water absorbances at 977 and 900 nm in the 1-cm pathlength of 
light.  

We smoothed the 340-nm absorbance data 𝐴-)`W	"_(𝜏) for 𝜏 > 0 using LOWESS with 
the 10 time points to perform local line fitting and extracted the value at the last time 
point	𝜏!aH6 𝑠𝑚𝑜𝑜𝑡ℎ𝐴-)`W	"_(𝜏!aH6). Visually inspecting the curves of 𝐴-)`W	"_(𝜏), we 
ensured that in all wells the absorbance reached a plateau by the end of the 
measurement time (1 hour). To calculate the NADH concentration change in the assay, 
we implemented the following operation based on Beer–Lambert law: ∆[𝑁𝐴𝐷𝐻]- =
𝑘 ∙ ;

j	!&(W)
𝐴-)`W	"_(0) −

;
j	!&(;)

𝑠𝑚𝑜𝑜𝑡ℎ𝐴-)`W	"_(𝑡!aH6), where 𝑘 = 2/3 is the dilution 

factor necessary to compare the concentrations in the volumes of 200 and 300 µL, 𝜀 =
6.22 ∙ 10<)	{𝜇𝑀<;𝑐𝑚<;} is the NADH extinction coefficient at 340 nm. In few 
measurements (4-5 wells), we observed that 𝐴-)`W	"_(0) < 𝐴-)`W	"_(1), which 
prompted us to use 𝑠𝑚𝑜𝑜𝑡ℎ𝐴-)`W	"_(1) instead of 𝐴-)`W	"_(0) in the derivation of 
∆[𝑁𝐴𝐷𝐻]- . 
Using the mixtures with known pyruvate concentration, we identified a linear 
relationship between the NADH concentration change and initial pyruvate 
concentration (standard curve, Figure S1A). Via this linear rule, we derived the pyruvate 
concentration [𝑝𝑦𝑟]- in each 300-µL mixture containing pyruvate from I and III. To 
derive the population-average intracellular pyruvate concertation, we implemented the 
following operation: [𝑝𝑦𝑟]/I!! =

[uvw]&∙x&∙xy
xz{{|&∙%∙x(}~~

, where [𝑝𝑦𝑟]- is the pyruvate 

concentration in the well 𝑖, 𝑉- = 300	𝜇𝐿 is the mixture volume, 𝑉a��#- is the volume 
of the solution with extracted metabolites added to the mixture, 𝑉H is the volume of the 
solution with extracted metabolites, 𝑁 = 3.0 ∙ 10F is the number of cells from which 
metabolites were extracted, 𝑉/I!! is the average cell volume identified via CASY TT. To 
derive the extracellular pyruvate concentration, we performed the following conversion: 
[𝑝𝑦𝑟]_I�-�_ = [uvw]&∙x&

xz{{|&
.  

Microscopy 

The microfluidic device or cover glass with agarose pads was mounted to a Nikon 
Eclipse Ti-E inverted wide-field fluorescence microscope where time-lapse imaging of 
cells was performed. The microscope was equipped with two Andor DU-897 EX 
cameras, 40x (Nikon CFI Super Fluor 40X Oil; NA = 1.3) objective and the CooLED 
pE-2 excitation system. For NAD(P)H measurements, we excited cells at 365 nm, 
employing a 350/50-nm band-pass filter, a 409-nm beam-splitter and a 435/40-nm 
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emission filter (NAD(P)H channel). For mTFP and Venus FRET measurements, we 
excited cells at 440 nm, using a 435/30-nm band-pass filter, a 455-nm and 510-nm 
beam-splitters as well as a 480/40-nm emission filter for mTFP and 535/30-nm 
emission filter for Venus (mTFP-Venus channels). Imaging of mTFP and Venus signals 
was performed simultaneously with two cameras. For bright-field imaging, a halogen 
lamp produced light that was filtered with a 420-nm beam-splitter to exclude UV before 
illuminating cells (BF channel). The microscope was operated using NIS-Elements 
software. We disabled the EM Gain Multiplier of the cameras, set the Readout Mode 
to 1 MHz to minimize the camera readout noise and fixed the baseline level of the 
cameras to 500 at -75 °C. The Nikon Perfect Focus System (PFS) was used in time-
lapse imaging to prevent the loss of focus set in the beginning of the experiment (in 
which a cell was seen as surrounded by two concentric circumferences of very low and 
high intensity pixels, respectively). In Table S3, we specify for each experiment what 
frequency of image acquisition, and channels were used, indicating the corresponding 
percentage of maximal light intensity and exposure time. 

Image and signal analysis 
In every microscopy experiment, multiple non-overlapping regions in the XY-plane of 
the microfluidic device or under the agarose pad were imaged, which resulted in a set 
of Nikon NIS-Elements ND2 files each containing a multi-channel movie for one XY-
region. Every ND2 file was imported into ImageJ (v.1.52n, Java 1.8.0_66) [26,27] where 
images in the fluorescent channels were background corrected via Rolling ball 
background subtraction plugin and images in the bright-field channel were sharpened 
and contrast-enhanced, after which the movie was saved as a TIFF file. Cells were 
tracked throughout the movie and their mother compartments segmented by fitting an 
ellipse in the bright-field image at each time point via the semi-automated plugin BudJ 
[28] used with ImageJ (v.1.49v, Java 1.8.0_144). Simultaneously, by visual inspection 
and with the help of a custom macro, we recorded for each segmented cell the time 
points of budding events (appearance of a dark-pixel cluster from which a daughter cell 
would later grow) and death (abrupt shrinking and darkening of the cell, cessation of 
cytoplasmic movement, after which the data from the cell was not used). To analyse 
cellular fluorescence data, we uploaded the movie-containing TIFF file into a NumPy 
(v.1.15.4) multidimensional array via Python’s module scikit-image (v.0.13.1) [29]. To 
align the images with mTFP and Venus signals taken by different cameras, we used the 
Python’s module pystackreg (v. 0.2.1) with the rigid-body-type distortion (translation and 
rotation). We extracted the pixels corresponding to a cell of interest by overlapping the 
fluorescent-channel-aligned NumPy multidimensional array with the segmentation 
ellipses provided by BudJ. 

To get a proxy of concentration of NAD(P)H concentration, we calculated the average 
fluorescence intensity of the pixels in the mother cell segmentation. To calculate the 
sensor’s readout, mTFP/Venus, we used three approaches. In the first, we calculated 
the ratio of mother-cell-pixel-average mTFP and Venus fluorescence values (Figures 
1B (TM6* Glu Exp. 2), 2C, 3B and 4A). In the second approach (Figures 1B (except 
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TM6* Glu Exp. 2), 2A-B and 3A), before calculating the analogous ratio, for each time 
point of the movie, we subtracted from the mother-cell-pixel-average mTFP and Venus 
fluorescence values the LOWESS-smoothed mother-cell-pixel-average 
autofluorescence values of cells lacking the sensor (Figures S2A-B, dashed horizontal 
line). In the third approach (Figure 4B), before calculating the ratio, for each cell-cycle 
phase, we subtracted from the mother-cell-pixel-average mTFP and Venus fluorescence 
values the mean mother-cell-pixel-average autofluorescence values of cells lacking the 
sensor (Figures S2D-E, curves in the middle of the shaded areas). Mother cell volume 
was  measured via BudJ, which uses the average of two radii of the segmentation ellipse 
to calculate the volume of the corresponding sphere. All data analysis and result 
visualisation was implemented in Python (v.3.6.2).  Figure captions further describe the 
signal processing associated with each experiment. 
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SUPPLEMENTARY FIGURES 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure S1. Pyruvate measurements with the lactate-dehydrogenase assay, Related to 
Figures 1A and 3C. A. The standard curve showing the relationship between the initial 
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concentration of pyruvate in the assay well and the NADH concentration decrease due to lactate 
dehydrogenase activity. The line was obtained via least-squares regression implemented in 
Python’s method scipy.stats.linregress. B. Population-average intracellular pyruvate concentration 
in various metabolic conditions identified via the lactate-dehydrogenase assay, cell-volume and 
cell-count measurements (see Materials and Methods). The presented values are the same as in 
Figure 1A. Circular and diamond markers denote two replicate metabolite extractions from a 
flask culture, filled and empty markers denote replicate measurements on two different days 
(separated by almost a week), dark- and light-colored markers denote two replicate flask cultures 
(only in case of TM6* Glu). C. Pyruvate concentration in the cultivation media taken from the 
cultures at the same time when the corresponding cells were quenched for further measurement 
of intracellular pyruvate concentration (Figures 1A, S1B). D. Intracellular pyruvate 
concentration measurements when the quenched-cell pellet is washed in cold methanol (like in 
Figures 1A, S1B and 3C) and when it is not washed. The lack of marked difference between the 
measurements suggests that the extracellular pyruvate (Figure S1C) does not confound the 
intracellular pyruvate estimation (Figure 1A, S1B). The circular markers show replicate 
measurements of pyruvate concentration, which correspond to replicate metabolite extractions 
and replicate enzyme-assay-based measurements E. Pyruvate concentration in the cultivation 
media taken from the cultures at the same time points when the corresponding cells were 
quenched for further measurement of intracellular pyruvate concentration to study the effect of 
UK-5099, the inhibitor of the mitochondrial pyruvate carrier (Figure 3C). In C and E, the 
circular markers correspond to replicate flask cultivations (only for TM6* Glu and t=0) and 
enzyme-assay-based measurements (two on two different days). In C-E, the x-marker shows the 
mean of the replicate measurements, with the whiskers covering two standard deviations. 
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Figure S2. Evaluating the contribution of cellular autofluorescence in mTFP and Venus 
channels to the readout of the sensor, Related to Figures 1B and 4B. A-B. 
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The fluorescence of single cells expressing the sensor and lacking it in Venus (A) and mTFP (B) 
microscopy channels. Both groups of cells belong to the same YSBN6 strain background and 
were cultivated in the same microfluidic device provided with 1% glucose medium. We present 
the traces of mother-cell pixel-average fluorescence. The black dashed line shows the LOWESS 
regression of the WT traces (50% of data points to fit a locally smoothing line) which was used 
for cellular-autofluorescence correction by subtracting it from individual traces of sensor-
expressing cells (the data corrected in this way contributed to Figure 1A, YSBN6 Glu Exp. 1). 
C. Removing the contribution of cellular autofluorescence in mTFP and Venus channels does 
not affect the values of mTFP/Venus ratio (FRET ratio). We present the sensor mTFP/Venus 
ratio in single YSBN6 cells (circles) cultivated in the microfluidic device with 1% glucose. We 
either subtracted the cellular autofluorescence from single-cell signals in mTFP and Venus 
channels (left) or did not do it (right). The left boxplot is the same as the one for YSBN6 Glu 
Exp. 1 in Figure 1A. The circles represent the average values of the mTFP/Venus ratio in the 
single-cell traces spanning for three hours after loading into the microfluidic device (the data 
corresponding to the first three hours in A-B). The boxes are constrained by the upper (Q3) and 
lower (Q1) quartiles with the horizontal line inside denoting the median, the whiskers cover the 
values within Q3 + 1.5(Q3-Q1) and Q1 - 1.5(Q3-Q1). D-E. Autofluorescence in Venus (D) and 
mTFP (E) microscopy channels during the cell cycle of YSBN6 cells not expressing the sensor 
and cultivated in 1% glucose. The curves and shaded areas represent the mean values and their 
95%-confidence intervals (bootstrapping with 5 000 iterations), respectively. These mean values 
were used to remove the contribution of cellular autofluorescence while calculating the sensor 
mTFP/Venus ratios during the cell cycle in Figure 4B. We indicate the number of single cells 
and their cell cycles contributing to the plot. Cell cycles shorter than 150 minutes were used to 
make the plot. To calculate the phase, each time point of 𝑡 minutes between two adjacent 
budding events happening at 𝑡789-  and 𝑡789-:;  minutes is converted in the following way: 
6<6=>?

&

6=>?
&@A <6=>?

& . The corresponding values of the dependent variable are linearly interpolated at 100 

phase points, from 0 to 1. 

SUPPLEMENTARY TABLES 
Table S1. Strains used in this study, Related to all Figures 

Strain Genotype Source 

YSBN6 WT YSBN6 wild type Steve Oliver lab, 

Cambridge 

TM6* WT KOY.VW100 integration into cassette: 
HXT7prom-TM6*-HXT7term ura3-
52::URA3 

KOY.VW100 was derived from 
KOY.PK2-1C83 (MATa MAL2-8c 
SUC2). More details in [14,15] 

[14] 

YSBN6 Sensor YSBN6 HO::pTEF1-Sensor-tCYC1-
KanMX4 

This study 

TM6* Sensor TM6* HO::pTEF1-Sensor-tCYC1-
KanMX4 

This study 

< Figure S2 
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Table S2. Primers employed in the construction of recombinant strains, Related to all 
Figures. This table summarizes primers used for the amplification of DNA fragments for the 
plasmid assembly and primers used to linearize the plasmid before yeast transformation. The 
underlined lowercase sequences represent the overhangs used in Gibson assembly. 

Primer Sequence (5΄ to 3΄) Template 

B1_fwd TGACTCGAGTAAGCTTGGTAC pTEF:ATP [18] 

B2_rev CATTTTAATAACCTAGGAAACTTAGATTAG 

coPyr_fwd ctaatctaagtttcctaggttattaaaatgGTTTCCAAGGGTGAA
GAAACTAC 

Plasmid with the yeast 
codon optimized DNA 
fragment encoding mTFP 
and PdhR  coPyr_rev tgtgaataattcttcacctttactaaccatGGTAGATCTCTTCAAG

TTCTTTCTC 

 

Scp173Venu
s_fwd 

ATGGTTAGTAAAGGTGAAGAATTATTC pTEF:ATP [18] 

Scp173Venu
s_rev 

TTCAATGTTATGTCTAATTTTGAAGTTGGC 

Fcp173Venu
s_fwd 

gccaacttcaaaattagacataacattgaaGACGGTGGTGTTCAA
TTAGCAG 

pTEF:ATP [18] 

Fcp173Venu
s_rev 

ctagccgcggtaccaagcttactcgagtcaCTTGTATAATTCATC
CATACCCAAAG 

seq_pr3 CCTTGAAGCGCATGAACTC The plasmid assembled 
using the DNA fragments 
amplified with the primers 
given above 

seq_pr4 CTGTCAAGGAGGGTATTCTGG 

 

Table S3. Microscopy settings of the experiments in this study, Related to all Figures. 
Each row corresponds to time-lapse microscopy measurements of cells in one microfluidic 
device or under one agarose pad during one experiment. Microscopy channel names are 
followed by the percentage of the maximal light intensity and the exposure. 

Figures; strain background, growth 
condition 

Microscopy: channels; time step δt 

Figures 1B (YSBN6 Glu Exp. 1), 4 and S2; 
YSBN6, 1% (10 g/L) glucose 

BF (3V, 30 ms), NAD(P)H (15%, 200 ms), 
mTFP-Venus (8%, 150 ms); 𝛿𝑡 = 5 min 

Figure 1B (TM6* Glu Exp. 1), TM6, 1% 
glucose 

The same as above. This microfluidic device 
was on the same cover glass as the one above 
and thus imaged simultaneously. 

Figures 1B (YSBN6 starved) and 2A; 
YSBN6, no carbon source, shift in the 
microfluidic device to 1% glucose 

BF (3V, 100 ms), mTFP-Venus (3%, 100 ms); 
𝛿𝑡 = 10 min 
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Figure 1B (TM6* Lac); YSBN6, 2% 
lactate 

The same as above. This microfluidic device 
was on the same cover glass as the one above 
and thus imaged simultaneously. 

Figure 2B; YSBN6, 2% pyruvate, shift in 
the microfluidic device to 1% glucose 

BF (3V, 30 ms), NAD(P)H (10%, 150 ms), 
mTFP-Venus (3%, 100 ms); 𝛿𝑡 = 10 min 

Figure 2C; YSBN6, 0.001% glucose, shift 
in the microfluidic device to 1% glucose 

BF (3V, 10 ms), NAD(P)H (10%, 150 ms), 
mTFP-Venus (3%, 100 ms); 𝛿𝑡 = 10 min 

Figures 3A and 1B (YSBN6 Glu Exp. 2); 
YSBN6, 1% glucose, addition of 4% 
pyruvate to the agarose pad 

BF (3V, 10 ms), NAD(P)H (15%, 200 ms), 
mTFP-Venus (8%, 150 ms); 𝛿𝑡 = 5 min 

Figures 3B and 1B (TM6* Glu Exp. 2); 
TM6*, 1% glucose, addition of 100 µM 
UK-5099 to the agarose pad 

BF (3V, 30 ms), NAD(P)H (15%, 200 ms), 
mTFP-Venus (8%, 150 ms); 𝛿𝑡 = 5 min 

 

SUPPLEMENTARY NOTES 

Supplementary note 1. Cultivation. Related to all Figures 
To obtain cells for intracellular-pyruvate enzyme-assay-based measurements (Figures 
1A, 3C, S1B-E) and for some microfluidics-assisted microscopy experiments (Figures 
1B (YSBN6 Starved and Lac) and 2A), we cultivated several cultures in parallel. Initially, 
we inoculated single colonies of YSBN6 Sensor, TM6* Sensor, YSBN6 WT and TM6* 
WT from recently incubated 2% glucose YPD plates into four 100-mL flasks with 10 
mL of 1% glucose MM each, respectively, starting pre-cultures that were cultivated for 
a day. I. Afterwards, YSBN6 Sensor pre-culture was diluted in 50 mL of 1% glucose 
MM (500-mL flask) at the cell count 5.64e5 cells/mL (estimated OD600=0.03), resulting 
in YSBN6 Sensor Glu culture 1 that was cultivated for 14.77 hours until the cell count 
4.74e7 (est. OD600=2.37) when 6.33 mL (3e8 cells) were quenched (twice for replicate 
extractions) and 11 µL were provided to Casy TT (cell-volume measurement), to 
eventually measure intracellular pyruvate for the metabolic condition YSBN6 Glu 
(Figure 1A). 

II. YSBN6 Sensor pre-culture was also diluted in another flask with the same conditions 
at the cell count 5.50e5 cells/mL (est. OD600=0.03), resulting in YSBN6 Sensor Glu 
culture 2 that was cultivated for 17.45 hours until the cell count 6.91e7 (est. 
OD600=3.46) when the culture was centrifuged and the medium was replaced to one 
lacking carbon sources (no washing). This starved culture was incubated for 17.1 hours 
(4.05e7 cell/mL, est. OD600=2.02) until 7.42 mL (3e8 cells) were quenched and 12 µL 
were provided to Casy TT, to eventually measure intracellular pyruvate for the 
metabolic condition YSBN6 Starved (Figure 1A). This culture was diluted in 10 mL of 
no-carbon-source MM (100-mL flask) at the OD 0.2 and incubated for ~5 hours until 
it was loaded in the microfluidic device according to [19,20], to test the sensor in the 
condition YSBN6 Starved (Figures 1B and 2A). 
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III. TM6* Sensor pre-culture was diluted in 50 mL of 1% glucose MM (500-mL flask) 
at the cell count 3.40e5 cell/mL (est. OD600=0.02), resulting in TM6* Sensor Glu 
culture 1 that was cultivated for 35.83 hours until the cell count 9.46e7 (est. 
OD600=4.73) when 3.17 mL (3e8 cells) were quenched and 5 µL were provided to Casy 
TT, to eventually measure intracellular pyruvate for the metabolic condition TM6* Glu 
(Figures 1A and 3C t = 0 min). 

IV. TM6* Sensor pre-culture was also diluted in another flask with the same conditions 
at the cell count 2.37e5 cell/mL (est. OD600=0.01), resulting in TM6* Sensor Glu 
culture 2 that was cultivated for 35.83 hours until the cell count 6.68e7 (est. 
OD600=3.34) when 4.49 mL (3e8 cells) were quenched and 7 µL were provided to Casy 
TT, to eventually measure intracellular pyruvate for the metabolic condition TM6* Glu 
(Figures 1A and 3C t = 0 min). Afterwards, from the TM6* Sensor Glu cultures 1 and 
2, 20 mL were taken in separate flasks, to the first of which 100 µM UK-5099 diluted 
in DMSO was added and to the other – the same volume of DMSO. These cultures 
were incubated, with 3.17 and 4.49 mL of them, respectively, quenched 5 and 10 
minutes after the beginning of the treatment (Figure 3C, t=5 and 10 min). 

V. TM6* Sensor pre-culture was diluted in 25 mL of 2% lactate MM (250-mL flask) at 
the cell count 9.07e5 cells/mL (est. OD600=0.05), resulting in TM6* Sensor Lac culture 
1 that was cultivated for 16.83 hours (2.05e7 cells/mL, OD600=1.03), which was diluted 
again in 50 mL of 2% lactate MM (500-mL flask) at the cell count 9.38e6 cell/mL 
(OD600=0.47). This TM6* Sensor Lac culture 2 was cultivated for 17,1 hours until the 
cell count of 6.82e7 cell/mL (OD600=3.41), when 4.4 mL of the culture (3e8 cells) were 
quenched and 7 µL were provided to Casy TT, to eventually measure intracellular 
pyruvate for the metabolic condition TM6* Lac (Figures 1A). This culture was diluted 
in 10 mL of 2% lactate MM (100-mL flask) at the OD 0.2 and incubated for ~5 hours 
until it was loaded in the microfluidic device, to test the sensor in the condition YSBN6 
Lac (Figures 1B). 

VI-VII. Besides, we cultivated YSBN6 WT and TM6* WT analogously to the cultures 
in II. and V., in order to subtract the autofluorescence from the signals of the sensor in 
the microscopy experiments associated with the conditions of YSBN6 Starved (Figures 
1B and 2A) and YSBN6 Lac (Figures 1B), respectively. 

To obtain cells for microscopy experiments with 1% glucose MM (Figures 1B, YSBN6 
and TM6* Glu; Figures 3A-B, Figure 4), we cultivated cells in two consecutive 
exponential cultures of 10 mL (100-mL flask) after inoculation from a single colony 
growing on 2% glucose YPD plate. In the microfluidics-assisted experiment (Figures 
1B, YSBN6 Exp. 1 and TM6* Glu Exp. 1), we placed two microfluidic devices (PDMS 
chips) on the same cover glass: into the first devise, we loaded YSBN6 Sensor and 
YSBN6 WT cells (OD600=0.1-0.2) according to [19,20], in the other, TM6* Sensor and 
TM6* WT cells were introduced (OD600=0.1-0.2). Therefore, the same microscopy 
settings were applied for the corresponding cultivations in these parallel microfluidic 
devices. In the agar-pad-assisted experiments (Figures 1B, YSBN6 Exp. 2 and TM6* 
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Glu Exp. 2, Figures 3A-B), we poured 2 µL of a cell solution in two locations of a cover 
glass and covered them with two agarose pads of the volume calculated after measuring 
the agarose-pad dimensions. The cover glass with the agarose pad was placed into a 
metal holder installed into the microscope, with the metal holder covered with another 
cover glass to prevent drying of the agarose pads. The cell solution represented either 
a mixture of two cultures, YSBN6 Sensor and YSBN6 WT with OD600=0.8-1, (Figure 
3A, Figures 1B, YSBN6 Exp. 2) or one culture, TM6* Sensor OD600=0.8-1 (Figure 3B, 
TM6* Glu Exp. 2). The agarose pads were made of 1% glucose MM with 1% agarose 
(Bio-Rad, 1613102). The first agarose pad was used for treatment (4% pyruvate in 1% 
glucose MM in Figure 3A or 100 µM UK-5099 (Sigma-Aldrich, PZ0160) in DMSO in 
Figure 3B), the second – for the control (1% glucose minimal medium in Figure 3A or 
DMSO in Figure 3B). To calculate the appropriate volume and concentration of a 
treatment solution added on top of an agarose pad, we considered the volume of a cell 
solution, the volume of the agarose pad and the desired final concentration of the 
treatment solution in the agarose pad (4% pyruvate or 100 µM UK-5099). 

To obtain cells for microfluidics-assisted microscopy experiments with 2% pyruvate 
MM (Figure 2B) and 0.001% glucose (Figure 2C), we implemented the following 
cultivation scheme. First, we inoculated a single colony from a freshly incubated 2% 
glucose YPD plate into 10 mL of 1% glucose MM (100-mL flask), starting the pre-
culture, where cells were cultivated for a day to pass the diauxic shift. Second, cells from 
pre-culture were diluted in 10 mL of 2% pyruvate MM at the OD600=0.1 and cultivated 
overnight reaching the OD600 below 1. From this culture, another 2% pyruvate MM 
culture was started at the OD600=0.025-0.5 and cultivated for a day, after which the cells 
were loaded into the microfluidic device at the OD600=0.2-0.4. In this condition of 2% 
pyruvate, we cultivated both YSBN6 Sensor and YSBN6 WT (Figure 2B). Alternatively, 
cells from pre-culture were diluted in 10 mL of 0.001% glucose MM at the OD600=0.1 
and cultivated overnight reaching the OD600 below 1 (cell growth is likely explained by 
the presence of glucose carried over in the inoculation volume). From this culture, 
another 0.001% glucose MM culture was started at the OD 0.0125-0.025 and cultivated 
for 2-4 hours before loading into the microfluidic device. In this condition of 0.001% 
glucose, we cultivated only YSBN6 Sensor (Figure 2C). 
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ABSTRACT 
Metabolic heterogeneity, the occurrence of different metabolic phenotypes among cells, 
represents a key challenge in health and biotechnology. To unravel its molecular basis, 
tools probing metabolism of single cells are needed. While RNA devices harbor huge 
potential for the development of such tools, until today, it is challenging to create in 
vivo-functional sensors for any given metabolite. Here, we developed from scratch an 
RNA-based sensor for fructose-1,6-bisphosphate (FBP), a doubly phosphorylated 
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intermediate of glycolysis. Starting from in vitro selection of an RNA aptamer and its 
structural analyses, we developed libraries of RNA-based regulatory devices with this 
aptamer and the hammerhead ribozyme as an actuator. Through FACS-seq-based high-
throughput screening in yeast, we identified in vivo-functional FBP-sensing devices that 
generate fluorescent readout dependent on intracellular FBP concentration. As FBP 
reports the flux through glycolysis, the developed RNA device can be used to sense the 
glycolytic rate in single cells, offering unprecedented possibilities to investigate the 
causes of metabolic heterogeneity. 

INTRODUCTION 

To cope with changing environments and intracellular demands, cellular metabolism 
can be dynamically reshaped. Recent research has shown that this so-called metabolic 
plasticity can lead to a coexistence of different metabolic phenotypes within the same 
population [1–5]. Such metabolic heterogeneity presents significant challenges for 
biotechnology [6] and biomedicine, especially in cancer research [7]. To investigate the 
molecular basis of metabolic heterogeneity tools are required that can probe 
metabolism on the single-cell level [8]. Unfortunately, such tools are still largely lacking 
today. 

RNA-based gene regulatory devices, or synthetic riboswitches, have been put forward 
as molecular tools for monitoring intracellular concentrations of particular metabolites 
[9]. Such RNA-based tools are modular: they contain an aptamer as a sensing domain 
where metabolite binding induces a conformational change that is transmitted to an 
actuator domain (e.g. a ribozyme or an expression platform) which in turn triggers a 
specific output [10]. In these ligand-dependent regulatory systems, actuators rely on 
different post-transcriptional mechanisms that control expression of a (reporter) gene 
[11–16]. A different concept for RNA-based metabolite sensing exploits fluorigenic 
aptamers, such as Spinach, which light up as a result of ligand-binding [17–19]. However, 
while the discovery of natural riboswitches in bacteria and pioneering work on modular 
allosteric ribozymes raised huge expectations for engineering of RNA devices that could 
respond to any effector of interest [20], to date such RNA devices have only been 
accomplished for a very limited set of metabolites. Thus, the materialization of this 
potential of constructing customizable RNA-based sensors for any metabolite of 
interest, i.e. their promised scalability [15], is lagging behind the expectations. 

Most likely, there are several reasons for this situation. First, while aptamers can in 
principle be selected in vitro against any target molecule, obtaining aptamers that are 
functional in cells is a major challenge [21]. In fact, to our knowledge, only a handful of 
in vitro-selected aptamers for small molecules has been functionally validated as sensing 
domains in cells: (i) three antibiotic-binding aptamers obtained through a combination 
of in vitro selection and screening in yeast [11,12,22]; (ii) two aptamers that were raised 
against aromatic amino acids using RNA pools based on structural scaffolds derived 
from natural riboswitches [23]; and (iii) the aptamers for theophylline and ATP obtained 
by conventional SELEX and shown to be directly functional in cells [17,24]. Besides, 
high-throughput screening of RNA-device libraries containing aptamers previously 



 135 

found to be functional in cells has led to sensors with improved sensitivity and/or 
dynamic response [25–30]. However, such in vivo screening has not been utilized for de 
novo selection of aptamers, likely because the enormous size of the search space cannot 
be comprehensively screened due to the limited transformation efficiency. The second 
challenge for the development of RNA-based sensors for cellular metabolites stems 
from the fact that the intracellular concentration of a target metabolite is set 
physiologically. Hence, only aptamers with an affinity within the physiological 
concentration range would be suitable for RNA devices detecting metabolite changes 
in the cell. Moreover, binary screening conditions in vivo can be challenging because 
intracellular concentrations of cell-intrinsic metabolites might not be easily controlled 
externally. The third challenge is that concentrations of intracellular metabolites are 
typically in the micro to millimolar range [31] while at the same time chemically similar 
metabolites are also present, which requires the sensing domain to respond to a highly 
concentrated ligand in a yet selective manner. These challenges have most likely 
hindered the development of RNA-based sensors for intracellular metabolites for 
which natural aptamers are not available.  

Here, tackling these three challenges, we accomplished the development of an RNA-
based device for sensing fructose-1,6-bisphosphate (FBP), a doubly phosphorylated 
monosaccharide whose concentration was found to correlate with the metabolic flux 
through glycolysis [32–34]. Specifically, we selected in vitro an aptamer that binds FBP 
under physiological conditions, designed RNA-based regulatory device libraries with a 
hammerhead ribozyme as an actuator, and used a high-throughput screening in budding 
yeast to identify RNA devices that generate an FBP concentration-dependent 
ratiometric fluorescent readout. In single-cell microscopic analyses, we demonstrate 
that the identified FBP sensor can differentiate cells with different glycolytic fluxes 
within clonal yeast populations. Through this work, we illustrate that RNA-based 
sensors using in vitro-selected aptamers are scalable to intracellular metabolites. The 
potential of the developed sensor to monitor glycolytic flux in vivo opens exciting 
applications for fundamental research into metabolic heterogeneity, as well as novel 
applications in biotechnology such as activity-based screening.  
RESULTS 

Selection of an FBP-binding RNA aptamer 
To generate an FBP-sensing domain for our envisioned RNA device that reports 
intracellular FBP levels, and thus glycolytic flux, we first selected an FBP-binding RNA 
aptamer through systematic evolution of ligands by exponential enrichment (SELEX). 
After immobilizing FBP on epoxide-sepharose, we used an RNA library with the 
randomized region of 40 nucleotides flanked by constant regions of 15 and 25 
nucleotides, respectively [35]. To mimic the physiological conditions of the cytoplasm, 
we employed a phosphate buffer rich in K+ and with a high concentration of glucose 
(to account for the presence of cytosolic metabolites), and added to it 5 mM Mg2+ to 
facilitate interaction of the doubly phosphorylated FBP with the anionic core of RNA 
[35,36]. After 13 selection cycles, cloning and sequencing, we obtained ten different 
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sequences, all of which showed a shortened variable region compared to the original 
library (Table S1), consistent with agarose gel electrophoresis analysis of the pools 
revealing a significantly reduced dsDNA length from selection round 9 onward [35]. 
Sequence analysis demonstrated highly similar clones, with an enriched motif, WUCCU, 
at the 5’ end of the variable region followed by a short nucleotide stretch (up to 9 
nucleotides), which allowed us to categorize the sequences into three sets (Table S1). 

 

 

 

 

 

 

 

 

 

 

 

 

 

  
Figure 1. The aptamer C45 binds FBP under physiological conditions. A. Binding assays 
of an RNA clone (C45) retrieved by SELEX and a mutant variant (mut), in which the stem 
structure predicted to exist in most selected clones is disrupted (Figure S2). Fluorescently labeled 
(CAL Fluor Red 610) RNAs were incubated with FBP immobilized to sepharose, and eluted 
with different concentrations of free FBP. B. Assay done as in A, but where 10 mM solutions 
of glucose-6-phosphate (G6P), fructose-6-phosphate (F6P), adenosine-triphosphate (ATP), or 
fructose-1,6-bisphosphate (FBP) were used to release RNA from a sepharose column with 
immobilized FBP. C. Microscale thermophoresis (MST) analysis of free FBP binding to Cy5-
labeled C45 aptamer and a mutant lacking the 5’and 3’-end tails and the four pair of nucleotides 
that make up the base of the conserved stem (P2) (Figure S2). Binding assays were carried out 
in cytoplasmic buffer CB (See Methods) with 10 mM MgCl2. D. MST analysis of FBP-binding 
to C45 in solution under different MgCl2 concentrations. Apparent dissociation constants (KD) 
were estimated using a non-linear regression model assuming one binding-site and specific 
binding with Hill slope. In D, KD values correspond to binding assays carried out with 10 and 5 
mM MgCl2, respectively. Results in A-D represent the mean ± one standard deviation from 
three biological replicates. Dashed lines in C-D indicate 0 in x and y axes.  
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To assess the affinity and specificity of the selected clones to FBP, fluorescently labeled 
(CAL Fluor Red 610) RNA clones 34, 45 and 58 (i.e. representatives of each of the three 
sets of clones, Table S1) were incubated with sepharose columns with immobilized 
FBP, and then eluted with solutions of different FBP concentrations. We found that all 
clones bound FBP within the low mM concentration range (Figure 1A and Figure S1A-
B), which is the physiological concentration range of FBP in yeast [37]. A mutant in the 
constant region that disrupted a stem structure predicted for these clones by Mfold 
energy minimization (nucleotide stretch C13 to A21, Figure S2A-D) required a 10-fold 
higher FBP concentration for elution (Figure 1A). Other phosphorylated intracellular 
metabolites (glucose-6-phosphate, fructose-6-phosphate, and ATP) failed to elute the 
RNA from the FBP column (Figure 1B and Figure S1C-D). These results suggested 
that our selected clones are aptamers that selectively bind FBP in the physiological mM 
range. The fact that the clones C34, C45 and C58 displayed a similar affinity and 
selectivity (Figure 1A-B and Figure S1) as well as they all had a predicted structural 
stem-loop motif according to Mfold energy minimization (Figure S2A-C) suggested that 
the nucleotide sequence downstream the WUCCU motif (Table S1) is not essential for 
binding, indicating that the three clones are functionally equivalent. Thus, we continued 
our work with one clone, C45. 

So far, we tested FBP binding to the aptamer when this compound was attached to 
sepharose. To delimit the concentration range of free FBP required for binding to the 
aptamer, we used microscale thermophoresis (MST). Thermophoresis, the directed 
movement of a molecule in a temperature gradient, is altered in response to binding-
induced changes in size, charge or hydration shell of a labeled molecule, and allows the 
use of complex buffers and high concentrations of the ligand [38]. We tested FBP 
binding to Cy5-labeled C45 aptamer in the cytosolic buffer used for aptamer selection 
and found that C45 also bound free FBP in the mM concentration range. In contrast, 
a trimmed mutant lacking the 5’ and 3’-end tails and four nucleotide-pairs that make up 
the base of the conserved stem (P2) (Figure 2D) did not show any binding (Figure 1C). 
FBP binding was strongly dependent on the presence of Mg2+ (Figure 1D), suggesting 
that Mg2+ is necessary for proper C45 folding and/or for stabilizing the interaction with 
FBP. Together, these data show that we have identified an aptamer that selectively binds 
FBP in a Mg2+-dependent fashion and within the physiological FBP concentration 
range. 

C45 RNA aptamer is a stem-loop altering tertiary structure upon FBP binding 
Towards unraveling the structural changes occurring in the C45 aptamer upon FBP 
binding, we performed 2’-hydroxyl acylation analyzed by primer extension (SHAPE) 
[39] analyses, which, coupled with the RNAstructure energy minimization algorithm [40], 
allowed us to generate an evidence-based model of the C45 secondary structure. The 
SHAPE-reactivity patterns of the C45 nucleotides revealed a highly reactive core 
flanked by non-reactive regions predicted to fold as a stem-loop (Figure 2A, top panel), 
which matched the Mfold prediction solely based on energy minimization (Figure S2A). 
Specifically, the stem has twelve base pairs (C13-G26 and C36-G48) interrupted by a 
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single mismatch (U16, U45) and a base bulge (U23); and the distal loop (L) contains 
nine nucleotides (from U27 to U35). The stem-loop structure is flanked by two single 
stranded unstructured tails (Figure 2A, top panel).  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Figure 2. C45 aptamer adopts a stem-loop secondary structure and, upon FBP binding, 
changes its tertiary structure, involving the loop. A. 1-methyl-6-nitroisatoic anhydride 
(1M6)-SHAPE reactivity profiles of C45 aptamer in the presence (+FBP, bottom panel) or 
absence (-FBP, top panel) of FBP (86 mM). Bars represent the average of SHAPE reactivities 
of each nucleotide from five independent experiments; error bars represent the standard error 
of the mean. Bar colors are used to categorize SHAPE reactivity in three levels: dark grey for 
low, orange for intermediate and red for high reactivity. SHAPE reactivity values ranges are 
indicated in the legend (bottom left). Asterisks indicate significant differences, where differences 
in reactivity were higher than 0.3 and p-values from student’s t-test lower than 0.05; blue and 
red asterisks indicate a significant decrease or increase of SHAPE reactivity in the presence of 
FBP, respectively. Boxes with dotted lines delimit bulge (B) and loop (L) regions in C45 aptamer, 
where clustered differences in SHAPE reactivity occur. Different parts of the aptamer are 
indicated below the bars (5’-t and 3’t: tails in 5’ and 3’ ends, respectively; P1, P2: stems 1 and 2; 
B: bulge; L: loop) B. Schematic representation of predicted C45 RNA secondary structure 
obtained with RNAstructure software, which considers energy minimization coupled to SHAPE 
reactivity. As in A, blue and red indicate nucleotides showing a significant decrease or increase 
of SHAPE reactivity in the presence of FBP C. Microscale thermophoresis (MST) analysis of 
FBP binding to mutants targeting the regions that altered SHAPE reactivity upon FBP binding: 
the U-bulge (mutB: U23 deletion) and C45 loop (mutL: U27 to U34 substitution by its 
complementary sequence). C45 and mutant P2 (deletion of the base of the conserved stem: G1-
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U16 and U45-A51) show the extremes of the affinity to FBP. Points represent the mean ± S.D. 
of three independent experiments. 

 

To determine the structural changes upon FBP binding, we performed SHAPE also in 
the presence of a saturating concentration of FBP (86 mM). We found significant 
changes in the SHAPE reactivity in six of the nine residues in the distal loop (U28-A33) 
and in the bulge of the stem (U23) (Figure 2A, bottom panel). As the RNAstructure 
model of the secondary structure remained the same as without FBP (Figure 2B), these 
FBP-induced changes in SHAPE reactivity most likely result from an altered tertiary 
structure of the aptamer.  

To study the role of the distal loop and the bulge of C45 aptamer in FBP binding, we 
tested FBP binding to the aptamer variants in which these regions were mutated. In 
particular, we generated a mutant devoid of the bulge (U23, mutB) and a mutant where 
we substituted eight out of the nine nucleotides of the loop by their complementary 
counterparts (U27 to U34, mutL). These mutations did not impair the C45 structure as, 
according to Mfold energy minimization, mutB and mutL overall maintained the stem-
loop secondary structure (Figure S2A, F-G), which we had found characteristic for the 
majority of the selected aptamer clones (Figure S2A-C and results not shown). In MST 
analyses, we observed that mutL had an impaired binding of FBP (Figure 2C), whereas 
the bulge deletion (mutB) only slightly decreased C45 affinity for FBP (Figure 2C), and 
preserved selectivity (Figure S3), indicating that the bulge plays a less relevant role in 
FBP binding. Collectively, these results show that C45 folds as a stem-loop where FBP 
binding likely triggers tertiary-structure rearrangements of the aptamer involving the 
loop. 

An in vivo system to screen for RNA devices responding to intracellular FBP 
levels  
To develop this in vitro-selected aptamer into an RNA device suitable for FBP sensing 
in yeast cells, we engineered a reporter system that allowed us to screen large RNA-
device libraries in vivo. To this aim, we had to couple the C45 aptamer with an actuator 
domain suitable to relay the FBP-triggered changes in the tertiary structure of the 
aptamer into a quantitative readout. Here, we employed the hammerhead ribozyme 
(HHRz) as an actuator domain because it has been shown to allow engineering RNA 
devices with ligand-responsive ribozyme tertiary interactions [28]. By integrating a C45-
HHRz device into the 3’-UTR of a GFP-encoding mRNA, FBP binding to C45 would 
allosterically control HHRz self-cleaving activity, and thus GFP mRNA stability and 
protein expression (Figure 3A, Figure S4A). 

To correct for cell-to-cell variation in protein expression activity and for other extrinsic 
factors that may alter the readout of the reporter system, we used a centromeric plasmid, 
from which we not only expressed the HHRz-GFP construct, but also mCherry without 
HHRz as an unregulated control (Figure S4B), as done recently [28]. Together, this 
system can report the activity of the HHRz via the mCherry-normalized GFP readout 

< Figure 2 
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(GFP/mCherry ratio) in single yeast cells. To investigate the reporter system’s dynamic 
range and resolution, we analyzed the readout of a set of mutants of HHRz (without 
the FBP aptamer included yet), which were recently shown to deliver different 
GFP/mCherry values [28] (Note 1). We found that GFP/mCherry readout spanned 
over two logs, which enabled us to separate eight yeast clonal populations with different 
GFP/mCherry ratios without significant overlap (Figure S4B-D), indicating a broad 
dynamic range of the reporter system. Thus, we have implemented a reporter system in 
yeast that quantitatively relays HHRz activity to a GFP/mCherry readout, which is 
suitable for screening RNA devices with HHRz tertiary structure-dependent activities. 

 

Figure 3. An in vivo system to screen for RNA devices that respond to altered 
intracellular FBP levels. A. A reporter system that transduces intracellular FBP concentration 
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into a fluorescent output. C45, the FBP-binding aptamer adopting a stem-loop secondary 
structure (blue), is grafted into the hammerhead ribozyme (HHRz) from the satellite RNA of 
tobacco ringspot virus at one of its stem-loops. Long-distance tertiary structure interactions 
(dotted lines) are necessary to sustain self-cleaving activity of the ribozyme (red arrow). FBP 
binding at its high intracellular concentration distorts the tertiary structure interactions, and 
hence inhibits HHRz activity. The C45-HHRz RNA device is cloned in the 3’ UTR of GFP. 
HHRz-mediated cleavage with low FBP levels leads to a short and unstable GFP mRNA, and 
thus to low expression of the protein (green circles). In contrast, when FBP levels are high, 
longer and more stable transcripts lead to higher GFP protein expression. The opposite 
mechanism of action can be also envisioned when FBP binding activates ribozyme activivty. B. 
A system to modulate intracellular FBP concentrations to set screening conditions. S. cerevisiae 
TM6* strain expresses only a chimeric hexose transporter that sustains a low glucose-uptake 
rate, and thus a low glycolytic flux (right) and low FBP levels, when glucose is provided [41]. 
Maltose is taken up normally, leading to a high glycolytic flux and thus high FBP level. C. 
Metabolomic analysis of intracellular FBP concentration in TM6* yeast cells cultured in minimal 
medium with either maltose or glucose as the sole carbon source. FBP abundance was obtained 
from two independent experiments and two determinations per experiment. Cell volume was 
determined for at least 489 cells per experiment. Bars represent the mean of two experiments ± 
S.D. D. Design of the C45-HHRz RNA device library. C45 aptamer was grafted into either of 
the two stem-loops of HHRz (stem I and II, grey and green, respectively) using three different 
strategies: (i) the loop of the receiving stem in HHRz is removed and C45 placed next to the 
HHRz stem in a direct (C45-I, C45-II) or (ii) inverted orientation (invI, invII), and (iii) the HHRz 
loop is removed and a shortened version of C45 merged with the HHRz stem (sh-I, sh-II). The 
sequence of the opposite HHRz loop (that is, the loop I when C45 is grafted into stem II, and 
vice versa) is randomized (grey and green N-stretches) to generate a library. Out of it, we select 
those clones that establish interactions between C45 and the opposite HHRz stem loop, and 
therefore sustain the HHRz activity. Lib-sI and Lib-sII are the libraries made by equimolar 
pooling of the libraries C45-, sh- and inv, -I and -II. E. Sorting of RNA devices with residual 
HHRz activity in the Lib-sII C45-HHRz library. GFP-mCherry scatter plot where Lib-sII library 
(blue), along with RNA device controls containing fully active (HHRz, grey) and inactive HHRz 
(CTL, Red) are overlaid. The sorting gate (yellow dotted polygon) used to collect C45-HHRz 
RNA devices with functional HHRz is indicated. F. Comparison of the initial cellular Lib-sII 
library and the sorted population enriched in C45-HHRz devices with functional ribozyme. In 
E and F, 20,000 cells from each population are plotted. Identifiers of the populations plotted 
are indicated on the right side of each plot. Fluorescence arbitrary units shown in E and F are 
different because sorting (E) and ulterior analysis after re-growth of the sorted population (F) 
were done in different devices. For simplicity, sorting and post-growth analysis of sorted 
population are shown only for Lib-sII. 

 

For the screening, we next needed a strategy to modulate intracellular FBP 
concentrations. To this end, we used the engineered Saccharomyces cerevisiae strain TM6*, 
which has only one chimeric hexose transporter (instead of the 17 of the wild type) and 
thus displays a low glucose uptake rate and a low glycolytic flux [42]. In contrast, when 
grown on maltose, which is transported into the cell with a different transporter, this 
strain has a high glycolytic flux, just like the wild type [41] (Figure 3B). Since glycolytic 
flux generally correlates with FBP levels [32–34], we hypothesized that growing TM6* 
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cells in these two carbon sources could be utilized as the two extreme FBP conditions 
for screening. Quantitative targeted metabolomics demonstrated that FBP levels are on 
average about 9-fold lower in TM6* grown on glucose compared to maltose (Figure 
3C), reflecting a spread which nearly covers the physiological dynamic range of FBP 
[33,37]. Thus, by growing the TM6* strain on two different carbon sources, we could 
control FBP levels within its physiological range, and therefore we could use this system 
to screen in vivo for RNA devices responding to physiological FBP concentration 
changes. 

Design and pre-selection of C45-HHRz RNA devices with a functional 
ribozyme 
To identify RNA devices with an FBP-dependent ribozyme activity, we next 
constructed the libraries of HHRz-C45 RNA devices where we grafted the C45 aptamer 
into one of the two HHRz stem-loops (I or II) involved in tertiary interactions required 
for self-cleavage [28]. FBP-binding would then disrupt tertiary interactions between the 
C45 aptamer’s loop and the opposite stem-loop of the ribozyme. Here, either the HHRz 
stem-loop I could receive the aptamer to interact with the stem-loop II, or vice versa 
(Figure 3A). However, grafting the aptamer into an HHRz stem-loop itself may distort 
HHRz structure, thereby rendering the ribozyme inactive irrespective of FBP binding.  

To increase the chances of maintaining residual ribozyme activity after aptamer 
integration and to mitigate a potential structural bias of using a single grafting strategy, 
we introduced the FBP aptamer into either the stem-loop I (Figure S5A-C) or II (Figure 
S5D-F), each with three different strategies (Figure 3D). In the first strategy, we 
removed the HHRz loop and appended C45 to the remainder of the stem (the receiving 
stem) in the same orientation (C45, Figure S5A, D). In the second strategy, we did the 
same but just inserted C45 in the inverted orientation (inv, Figure S5C, F). In the third 
strategy, we replaced the whole HHRz stem-loop by a version of the FBP aptamer 
containing a shortened stem (sh, Figure S5B, E). With these three integration strategies, 
we generated combinatorial libraries of the RNA devices in which the HHRz loop 
sequence of the stem-loop opposite to the receiving stem was randomized: four 
nucleotides of loop II when the receiving stem was stem I, and seven nucleotides of 
loop I when the receiving was stem II (Figure 3D, Figure S5). The libraries generated 
with these three different C45-integration strategies in each of the two stems I and II 
were pooled and transformed into yeast, resulting in two C45-HHRz RNA device 
libraries (Lib-sI and Lib-sII, Figure 3D) with theoretical sizes of 768 and 49,152, 
respectively. 

From these two C45-HHRz libraries we next selected RNA devices in which the 
ribozyme was still functional after C45 insertion as only those with residual ribozyme 
activity are suitable for later screening for FBP-dependent regulation of that activity. 
To this aim, we used FACS to collect those clones in the libraries with low GFP 
expression at the low FBP condition (i.e. in glucose-grown TM6* cells) (Figure 3E) 
because then RNA devices should be mainly in their FBP-unbound state, and thus with 
unperturbed basal HHRz activity. We defined the reference points for non-self-cleaving 
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activity and maximal self-cleaving activity with two of the HHRz-GFP constructs used 
for the calibration of the reporter system (without C45): the inactive HHRz (CTL, 
Figure S4B-D) and wild-type ribozyme (HHRz, Figure S4B-D). Here, we found that 
more than 95% of the clones in the C45-HHRz libraries had a non-functional HHRz, 
with  GFP/mCherry ratio overlapping with that of the CTL inactive mutant (Figure 
3E). Then, we sorted the cells that had GFP/mCherry ratio lower than in the CTL 
mutant, thus collecting RNA devices with a functional ribozyme (Figure 3E). By 
preselecting C45-HHRz RNA devices with a residual ribozyme activity we enriched the 
library in clones suitable for screening, thereby enhancing the chances to identify RNA 
devices with FBP-dependent regulation. 

Next, we wondered which of the three aptamer grafting strategies and which sequence 
features in the randomized loop would preserve HHRz activity. Through next-
generation sequencing (NGS) of the pre-selected populations, we found that active 
C45-HHRz devices predominantly contained the inverted (inv) aptamer in either of the 
HHRz stems, and the shortened aptamer replacing the whole HHRz stem-loop I (sh) 
(Figure S6D). The prevalence of sh variants in stem I within the active devices could be 
connected with the fact that stem I is naturally longer compared to stem II and 
therefore, its replacement by the aptamer having a comparable length might have less 
impact on the ribozyme structure (compare Figure S5B and E). Considering also that 
in inv variants the length of the receiving stem is not altered (Figure S5C, F), these results 
suggest that the length of the stem into which the aptamer is grafted is a critical factor 
for ribozyme functionality.  

Finally, the analysis of the sequences of the HHRz loop opposite to the aptamer-
receiving stem in the active HHRz variants revealed an enrichment of A and G in stem-
loop II, and a high conservation of A in the fourth position when the shortened C45 
was inserted in place of stem-loop I (sh-I) (Figure S6D). On the contrary, when C45 was 
inserted in place of stem-loop II, we found an overrepresentation of G and T in the 
randomized region of the stem-loop I. Interestingly, C was observed underrepresented 
in the randomized region of either stem-loop (Figure S6D). These features preserving 
ribozyme activity could be utilized in the generation of new, doped C45-HHRz libraries 
with a higher fraction of functional ribozymes to increase screening effectiveness.  

At this point, we have generated an RNA device library with multiple FBP aptamer 
integration strategies from which we collected the variants with residual ribozyme 
activity, which is a requirement for the next step, i.e. to identify the variants where FBP 
levels influence this activity.  

High-throughput in vivo screening of RNA devices that report intracellular FBP 

To identify C45-HHRz clones with an FBP-dependent readout, we implemented a 
high-throughput approach that examines the mCherry-normalized GFP expression of 
thousands of C45-HHRz variants simultaneously in a single experiment, previously 
referred to as FACS-Seq [28]. Globally, our approach entailed four steps. First, we 
pooled the two libraries containing the functional C45-HHRz devices (c.f. Figure 3F) 
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into a single population (input from now on), which was then grown in either the high 
or low intracellular FBP condition, i.e. TM6* cells cultivated in either maltose or glucose, 
respectively (Figure 4A, growth). Second, we sorted the cells of the input library into six 
sub-populations according to the cells’ GFP/mCherry expression ratios (Figure 4A, cell 
sorting). Third, after identifying all clones in each sorted sub-population by NGS and 
inspecting each clone’s frequencies, we assigned a single GFP/mCherry ratio value (µi 
hereafter) to every C45-HHRz variant when grown in either condition (Figure 4A, 
NGS). Finally, analyzing the distributions of µi, we identified the clones that respond to 
the difference between the high and low intracellular FBP conditions. 

To sort the C45-HHRz variants, we defined six bins on the basis of GFP/mCherry 
ratio. To this end, we first set the upper and lower limits of GFP/mCherry ratio to the 
readouts of the CTL inactive mutant (maximal GFP/mCherry ratio) and of the HHRz 
wild-type sequence (minimal ratio) (Figure S7A), thereby defining the boundaries of the 
readout’s dynamic range. Then, we split this range into six non-overlapping bins whose 
width was set to the size of the dispersion of GFP and mCherry signals (or intrinsic 
noise) in clonal populations (Figure 4B, Figure S7A). With these settings, for both the 
low and the high FBP conditions, the sorting yielded six sub-populations with barely 
overlapping GFP/mCherry expression profiles that were stably maintained over 
generations (Figure 4C). The single-cell GFP/mCherry distribution of all sub-
populations evenly covered the readout’s dynamic range (i.e. without gaps with under-
represented values or with peaks of over-represented values) spanning more than three 
logs (Figure 4D). These results demonstrated that we could sort the clones of our input 
library into sub-populations with distinct and stable GFP/mCherry values. 

Next, we used NGS to identify the C45-HHRz variants and to determine their 
respective frequencies in each sub-population. We utilized the variants’ frequencies in 
every sub-population together with the fraction of the input population that was sorted 
to each bin in the sorting experiment to reconstruct each variant’s distribution across 
the bins (Table S2). The sum of these reconstructed absolute frequencies across the 
bins for every variant significantly correlated with the variants’ frequencies in the 
unsorted input population, indicating that our sampling method, based on 
GFP/mCherry-ratio-guided population binning, produced a fair representation of the 
entire population (Figure S8A). To determine µi of each variant, the medians of cells’ 
GFP/mCherry ratio in the bins (determined in each sorting experiment) were weighted 
by the distribution of the variant across the bins (Table S2). The robustness of 
determining µi values was demonstrated by a strong correlation between two replicate 
experiments (Figure S8B). Through this procedure, we could assign a µi value for each 
intracellular FBP condition to 15,031 unique C45-HHRz variants (covered by four or 
more reads in two independent sorting experiments, Supplementary notes 2-3).  
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Figure 4. Sorting of C45-HHRz RNA device library yields six sub-populations with 
distinct GFP/mCherry ratios. A. Experimental pipeline of the high throughput in vivo 
screening of C45-HHRz RNA devices that respond to FBP. TM6* cells with the C45-HHRz 
library are grown in medium with either glucose or maltose (top panel). Cells are sorted into six 
sub-populations according to their GFP/mCherry ratios (middle panel). Sorted cells sub-
populations are subjected to next-generation sequencing to identify the distribution of each 
clone throughout the population. B. Sorting of C45-HHRz RNA device library. Cells with an 
intermediate 1-log-wide mCherry expression were gated. We used this gating because we found 
that the GFP signal was less robust in cells with low mCherry expression in clonal populations 
(c.f. GFP-mCherry signal overlap among different HHRz versions for mCherry values between 
5x105-107 in Figure S7A), while in cells with intermediate mCherry levels dispersion of GFP 
values remained constant across the bins (Figure S7B). Sorting gates were established according 
to GFP/mCherry ratio, ranging from the signal of fully active (gate 6) to that of inactive 
ribozymes (gate 1). The width of the gates 2-5 was set according to the width of a cell population 
from a single clone in GFP/mCherry plot. C. Overlay of GFP-mCherry scatter plots obtained 
from regrown, sorted sub-populations. Sorted sub-populations were grown for several 
generations prior to analysis. 20,000 cells from each sub- population are plotted. D. Single-cell 
GFP/mCherry ratio distribution in sorted sub-populations from C45-HHRz library calculated 
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from experiment shown in C. The boxes show the interquartile range with the median in the 
middle, and the whiskers spanning from the 1st to 99th percentile. 

  

To identify clones with significantly different µi values between the conditions of low 
and high intracellular FBP, we defined the ‘response’ of the sensor, 𝐷" , a new variable 
that corresponds to the logarithm of the quotient between the µi of a clone in the two 

FBP condition: 𝐷" = 𝑙𝑔 &'
()*

&'
+,)  (Table S2). The analysis of the distribution of this 

response variable revealed 63 clones (0.42% of all screened clones) that consistently 
showed an extremely high or low 𝐷" value (i.e. outliers) in two replicate experiments 
(Figure 5A, Supplementary note 3). Thus, these 63 clones showed a condition-
dependent change in µi indicative of an FBP-dependent response.   

 

 

 

 

 

 

 

 

 

 

 

Figure 5. Hit selection in high-throughput in vivo screening of C45-HHRz variants that 
respond to differences of intracellular FBP. A. Identification of variants in C45-HHRz library 
expressed in the TM6* strain that have different response while growing on glucose versus 
growing on maltose, associated with low and high intracellular FBP, respectively. To compare a 
variants’s response to the change in intracellular FBP, we calculate the measure Response Glc vs 
Mal, 𝐷" (y-axis; see Table S2 for details), a transformed measure of the change in the 
GFP/mCherry ratio (𝑙𝑔 𝜇"./0 /𝜇"23/), and check if its value deviates from those of other variants. 
The distribution of this response 𝐷"	of all the variants is depicted in the violin plot. We select 
variants with the extreme response values that are located beyond the segment [𝑄1 − 5 ∙
𝐼𝑄𝑅, 	𝑄3 + 5 ∙ 𝐼𝑄𝑅] (grey boxes on the left, grey and black dots on the right), where 𝑄1 and 
𝑄3 are the lower and upper quartiles, and 𝐼𝑄𝑅 is the interquartile range. To exclude variants 
that end up in the selection due to technical noise, we repeated the sorting experiment and 
looked for clones with consistently deviating response (63 clones, black dots on the right). All 
the clones in this analysis are covered by 4 sequencing reads or more in each of the four sorting 
experiments (2 carbon sources × 2 independent experiments).  B. Exclusion of variants showing 
an intracellular FBP-independent response. Wild-type (WT) cells display a similar FBP level 
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when cultured in glucose or in maltose, and thus, hits should not show a response between these 
carbon sources in C45-HHRz library expressed in wild-type background. 11 variants are located 
within the 𝐼𝑄𝑅 of the response in C45-HHRz library in the wild type in two independent sorting 
experiments, these variants are thus considered the hits from the screening. The presented 
distribution and its 𝐼𝑄𝑅 used for selection is calculated from the data of variants supported by 
4 sequencing reads or more ds in each of the four sorting experiments; the values corresponding 
to the dots were obtained using the data supported by at least 2 reads in each of the four sorting 
experiments. For simplicity of the representation, in both A and B, we present the data 
corresponding to one replicate experiment (R1). See Supplementary note 3 describing the hit 
selection in more detail. 

In the screening experiments, we perturbed the intracellular FBP levels by changing the 
carbon source on which TM6* cells grew (low FBP on glucose and high FBP on 
maltose, Figure 3C). To sort out clones that might respond to unknown carbon-source-
related changes aside from FBP level differences, we next screened the C45-HHRz 
library also in wild-type cells. In contrast with TM6*, wild-type cells grown in glucose 
and maltose have nearly identical glycolytic rates, and thus FBP levels [37]. Therefore, 
an ideal FBP-responding candidate should have different µi values in glucose and 
maltose in TM6*, but identical values in the wild type (where on both carbon sources 
FBP levels are high). Here, we found that out of the 63 strongly responding clones 
identified with TM6* (Figure 5A) eleven had the response 𝐷" around 0 in the wild type 
(Figure 5B). Thus, our in vivo screening led to the discovery of eleven hits showing FBP-
dependent changes in the GFP/mCherry ratio readout. 

In vivo FBP binding is essential for sensor functionality 
To validate the hits as intracellular FBP sensors, we expressed them in the TM6* and 
wild-type strains, and analyzed their GFP/mCherry ratios in clonal populations grown 
on either maltose or glucose. We found that nine out of ten tested hits had a different 
readout between cultivations on the two carbon sources in TM6* while they did not in 
the wild type (Figure 6A), indicating that these hits exhibit an FBP-dependent response. 
A random variant not identified as a hit in the high-throughput screening, carried along 
here as a control, responded neither in TM6* nor in the wild type (Control 1_10, Figure 
6A). These experiments validated the FBP-dependent response of nine of the hits 
identified in the screening. 

To confirm the specificity in the observed FBP-dependent response, we mutated the 
C45 aptamer in some validated hits. Drawing on our finding that FBP binding is 
impaired in vitro when the aptamer’s loop is mutated (Figure 2C, mutL), we generated 
mutL versions of C45 in three validated hits. For hit 3_7, we found that the mutated 
and non-mutated versions showed a similar response between the carbon sources in 
TM6* (Figure 6B-C), disproving that FBP binding triggers the observed change in the 
GFP/mCherry ratio. However, the mutL versions of the other tested hits (4_1m and 
2_6m) lost the FBP-dependent change of the readout (Figure 6B-C), demonstrating 
that in 4_1 and 2_6 FBP binding to C45 is essential for the observed response, 
confirming that these are FBP sensors. 

< Figure 5 
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Figure 6. Validation of individual hits as FBP sensor candidates. A. Response of hits in 
cells cultivated in glucose as compared to cells cultivated in maltose (Response Glc vs Mal, 𝛥𝑅"). 
Intracellular FBP concentration differs in TM6* strain and stays the same in the wild-type (WT) 
strain, when cells are grown on these two carbon sources (Glc, glucose; Mal, maltose). Response 
Glc vs Mal, 𝛥𝑅" is calculated as the percentage of the change in the GFP/mCherry ratio between 
the cells cultivated in glucose and maltose as compared to the cells cultivated in maltose: Δ𝑅" =
C
|.|
∙ ∑ 2(",./G,H)J2(",23/,H)

2(",23/,H)H∈. ∙ 100%, where 𝑖 is a hit, 𝑀(𝑖, 𝐺𝑙𝑐, 𝑡) and 𝑀(𝑖,𝑀𝑎𝑙, 𝑡) are the 
median GFP/mCherry ratios in the population of cells grown on glucose and maltose, 
respectively; 𝐺 is the set of three (|𝐺|) time points 𝑡 in the exponential part of a culture’s growth 
curve  The bar and whisker lengths denote the mean value of Δ𝑅" and its 95%-confidence 
interval calculated for the replicate cultivation experiments. No whiskers are shown in case of 
single cultivation experiment. B-C. The single-cell distribution of the GFP/mCherry ratio in the 
four populations (2 strains × 2 carbon sources) at one time point 𝑡 in the growth curves of 
selected hits (B) and their mutants (C). The box shows the interquartile range 𝐼𝑄𝑅, the line in 
the center of it denotes the median 𝑀(𝑖,𝑀𝑎𝑙, 𝑡) or 𝑀(𝑖, 𝐺𝑙𝑐, 𝑡), the whiskers spread until 𝑄1 −
1.5 × 𝐼𝑄𝑅 or 𝑄3 + 1.5 × 𝐼𝑄𝑅, where 𝑄1 and 𝑄3 are the lower and upper quartiles. The 
percentage between the distributions of maltose- and glucose-grown TM6* populations is the 
value of the ratio 2

(",./G,H)J2(",23/,H)
2(",23/,H)

∙ 100%, which contributed to the calculation of the 

response variable 𝛥𝑅" in case of hits (A). The dark-gray horizontal band denotes the central 
tendency of the values of the GFP/mCherry ratio associated with high intracellular FBP, with 
the upper and lower boundaries being the maximal upper quartile and the minimal lower quartile 
across the populations of TM6* on maltose, WT on maltose and glucose. D. In vivo DMS-
MaPseq analysis of the C45-HHRz RNA device in the sensor 2_6 and its mutant 2_6m. Bases 
differing between the two sequences are highlighted in green. Bars are color-coded according to 
base reactivity (low: black, medium: yellow, high: red). Mutational data has been normalized by 
box-plot normalization. Reactivities were capped at 1 for representation purposes. 
Experimentally-constrained secondary structures are depicted as arc plots. F. Secondary 
structure models of Stem II merged with the  C45 aptamer (Stem II + C45) in the sensor 2_6, 
and of the corresponding region in the mutant 2_6m. Bases are colored according to reactivities 
shown in D. 

 

Focusing on the developed sensor 2_6, the one showing the highest response , we next 
wondered about the RNA structural elements relevant for sensor functionality in vivo. 
To this end, we performed in vivo RNA structural probing in which cells expressing the 
sensor 2_6 were treated with dimethyl sulfate (DMS) followed by targeted DMS-
MaPseq analysis [43]. Here, we found that the DMS-reactivity pattern is consistent with 
the expected formation of stem-loop I and a long stem with an internal loop, which is 
a product of merging HHRz stem II and the aptamer C45 (Figure 6D-E; Figure S5F). 
Zooming in on the aptamer region in the RNA device, we further found that, although 
some nucleotides involved in the loop in vivo (Figure 6E, U39-C42, U64-U66) are in vitro 
related to the stem (Figure 2B, G37-C38, U23-U25), the biggest part of the grafted 
aptamer (Figure 6E, U43-A63) has the same stem structure in vivo as determined in vitro 
(Figure 2B, C13-A22, U39-G48). In particular, we observed that the P1 sequence and 
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the WUCCU motif (Figure 6E, U57-U61) constitute the stem also in vivo, identically to 
most in vitro-selected FBP-binding aptamer clones (Figure S2A-C; results not shown). 
Supporting the importance of C45 aptamer folding into this stem observed both in vitro 
and in vivo, DMS-structural probing of the FBP-unresponsive mutant 2_6m (Figure 6C) 
revealed a strand displacement that dramatically disrupts the folding of the merged stem 
II and the aptamer (Figure 6D-E). Thus, the structural elements identified in vitro to be 
critical for FBP binding by C45 aptamer are also essential for the FBP-dependent 
response of the sensor in vivo. 
Finally, we wanted to get evidence that the FBP-dependent response of the sensor relies 
on its riboswitch activity. We hypothesized that if FBP binding results in a 
conformational change of the RNA device, our sensor should occur in vivo as an 
equilibrium of two conformations: FBP-free and FBP-bound. To test if there are indeed 
two conformations of the sensor in vivo, we further analyzed DMS-MaPseq data. 
Compared to traditional DMS probing, DMS-MaPseq has also the advantage of 
recording multiple bases that were simultaneously single-stranded as mutations within 
the same cDNA molecule [44] (Morandi et al., manuscript in preparation). By means of 
spectral clustering, this information can be exploited to identify multiple co-existing 
RNA conformations [44] (Morandi et al., manuscript in preparation). Here, spectral 
clustering analysis showed that the sensor 2_6 exists in two conformations within the 
cell (Figure S9, 2_6), likely corresponding to FBP-free and FBP-bound states. 
Consistent with the premise that these two conformations correspond to the FBP-free 
and bound forms of the sensor, for the mutant 2_6m, which lacks FBP binding, we 
only observed one conformation in vivo (Figure S9, 2_6m). These results support the 
notion that an interaction of FBP with the sensor 2_6 triggers a conformational change 
necessary for the FBP-dependent response of the sensor. 

A developed FBP sensor functions as a glycolytic flux biosensor 
Next, we wanted to apply our sensor to study metabolic heterogeneity. Since 
intracellular FBP concentrations were shown to correlate with the flux through 
glycolysis [32–34], we hypothesized that our developed FBP sensor would be suitable 
for reporting glycolytic flux in single cells. Non-dividing cells, which can be present in 
normal yeast cultures, were shown to exhibit a reduced glucose uptake rate, and thus 
glycolytic flux, compared to the co-existing dividing cells [41]. To examine if the 2_6 
FBP sensor can identify the different metabolic fluxes of dividing and non-dividing cells 
within the same yeast population, we cultured TM6* cells with the sensor on glucose in 
a microfluidic device [45,46] and monitored the GFP/mCherry ratio in both 
subpopulations. Here, we found a markedly higher GFP/mCherry ratio in the non-
dividing cells compared to the dividing cells (Figure 7A), in line with the low glycolytic 
flux in the non-dividing cells [41]. The same strain grown on maltose showed a ratio 
lower than that of cells dividing in glucose (Figure 7A), consistent with the higher FBP 
levels on this carbon source (Figure 3C), and the increased glycolytic flux [41]. Across 
these three groups of cells, we could draw a notable correlation between the single-cell 
growth rate and the GFP/mCherry ratio (Figure 7A). In contrast, the mutL version of 
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the sensor, which has impaired FBP binding (Figure 2C and 6C, mutant 2_6m), did not 
show any pronounced difference in the readout among the three groups of cells (Figure 
7B).  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

 

 

 

Figure 7. The FBP sensor functions as a glycolytic flux biosensor. A-B. The 
GFP/mCherry ratio of the sensor 2_6 (A) or its mutant 2_6m (B) in three categories of cells, 
namely, non-dividing TM6* cells consuming glucose, dividing TM6* cells consuming glucose 
and dividing TM6* cells consuming maltose. In case of the dividing cells, a data unit is the mean 
GFP/mCherry ratio throughout one cell cycle (from budding to budding). For the category of 
the non-dividing cells, we calculate the mean GFP/mCherry ratio in a single-cell trajectory 
between 15 and 20 hours after the last division. Q1, Q3 and Med. denote the lower and upper 
quartiles, and the median. The sensor’s and mutant’s readouts are normalized by the respective 
median GFP/mCherry ratio values of dividing TM6* cells consuming maltose (horizontal 
line).The division rate is the reciprocal for the cell-cycle duration in case of the dividing cells and 
zero in case of the non-dividing cells. We assess the correlation using the Pearson’s coefficient 
𝑟. C-D. The GFP/mCherry ratio of the sensor 2_6 (C) or its mutant 2_6m (D) in single wild-
type (WT) cells cultivated on 2 % (20 g/L) glucose and dynamically exposed to 0.5 g/L 2-
deoxyglucose for several hours. The black markers denote the single-cell GFP/mCherry-ratio 
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values averaged over 100 minutes before the indicated moments of the dynamic experiment. We 
present the readout of a cell after a particular phase of the treatment (indicated on the X-axis) 
only if this cell was present in the microfluidic device during the whole phase. Cells present in 
the microfluidic device in multiple phases of the treatment are indicated with gray lines 
connecting black markers. Specifically, in both C and D, 14 and 31 cells were present in three 
and two consecutive phases respectively, whereas the rest of the cells were present only during 
one full phase. The distributions of the readout are summarized via the violin plots (kernel 
bandwidth 0.2) as well as with the help of the lower and upper quartiles, and the median (like in 
A). The sensor’s and mutant’s readouts are normalized by the respective median GFP/mCherry-
ratio values of the cells in the first phase of the treatment, that is without the inhibitor (horizontal 
line). The mean division rate is calculated as WX

W*∙∆H
, where 𝑁G and 𝑁[ are the total numbers of 

cells and buddings observed during the time ∆𝑡 hours of a particular phase of the treatment. 
Cellular-autofluorescence correction and smoothing of the single-cell traces are described in the 
Methods section. 

 

To further test that our FBP sensor responds to changes in glycolytic flux dynamically, 
we perturbed the metabolism of wild-type cells with 2-deoxyglucose (2-DG), an 
inhibitor of glycolysis. Specifically, we monitored the readout of the sensor 2_6 in wild-
type cells cultivated in the microfluidic device in the presence of glucose that were 
temporarily exposed to a sub-lethal dose of 2-DG. Here, observing that the drug 
decreased the cell division rate due to the reduction of the glycolytic flux, we found that 
the sensor’s GFP/mCherry ratio markedly increased, which indicates a lower FBP level 
and glycolytic flux (Figure 7C). Remarkably, the glycolytic-flux-dependent modulation 
of the sensor’s GFP/mCherry ratio proved to be reversible as the readout recovered to 
the original level when the 2-DG was removed from the medium (Figure 7C). Using 
the sensor’s mutant 2_6m as a negative control, we did not find pronounced changes 
in the readout in response to 2-DG treatment (Figure 7D). Overall, these results 
demonstrate that the developed FBP sensor can distinguish cells with different 
glycolytic fluxes in clonal yeast cell populations, thus unveiling metabolic heterogeneity. 

DISCUSSION 
In this work, we have developed an RNA-based sensor for the intracellular metabolite 
fructose-1,6-bisphosphate (FBP) and have shown that this sensor reports the metabolic 
flux through glycolysis. Specifically, we selected in vitro an RNA aptamer that binds FBP, 
a doubly phosphorylated and non-aromatic compound, with millimolar affinity and in 
a selective manner. Based on the structural probing of this aptamer, we rationally 
designed a library of the aptamer-containing RNA devices that control GFP expression 
in yeast cells. By means of FACS-Seq, an approach that combines cell sorting with next-
generation sequencing, we identified an RNA device that responds to changes in 
intracellular FBP levels. We further demonstrated that FBP binding in vivo is essential 
for the functionality of this FBP sensor. Building on the fact that the intracellular FBP 
level correlates with the metabolic flux through glycolysis [32–34], we showed that the 
sensor can resolve metabolic fluxes in single cells. In this work, we overcame numerous 

< Figure 7 
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challenges to select an aptamer that remains functional in cells and to engineer a sensor 
that responds to physiological concentration changes of an intracellular metabolite. 
Thereby, we demonstrate that the development of RNA-based sensors using in vitro-
selected aptamers is now scalable to intracellular metabolites. 

An important aspect of our work was the selection of an aptamer suitable for binding 
FBP within cells. While the quality of aptamers is traditionally valued mainly on the 
basis of their KD value (i.e. the lower, the better), here, we needed an aptamer with 
affinity in the high micro- to low millimolar concentration range so that physiological 
concentration changes of FBP could actually be transduced into differential sensor 
readouts. Still, the aptamer required a high selectivity for FBP since many other 
phosphorylated sugars are simultaneously present in the cytosol, also at high micro- to 
millimolar concentrations [34,47]. While the notion of a highly selective but low-affinity 
aptamer seems counterintuitive, interestingly, nature itself has evolved RNA-based 
regulatory systems which are selectively controlled by highly abundant metabolites [48]. 
For instance, the glnA riboswitch of cyanobacteria Synechococcus elongatus loosely binds L-
glutamine in an open pocket; however, hydrogen bonds between the RNA and the 
heteroatoms of glutamine make the interaction highly specific [49]. Similarly, since 
neither fructose, fructose-1-phosphate nor fructose-6-phosphate could compete with 
FBP for binding to C45 (Figure 1B, and Figure S3), we conjecture that the two 
phosphate groups of FBP might play a crucial role in the observed selectivity.  

While high-throughput methods make it possible to screen large libraries, the 
transformation efficiency of yeast can be a bottleneck, limiting the size of libraries that 
can be screened to around 105 clones. To increase the effectiveness of our in vivo 
screening for functional RNA devices, we implemented measures for a more targeted 
search. First, as the in vitro-selected aptamer is a stem-loop and likely alters its tertiary 
structure upon FBP binding (Figure 2B), we chose the hammerhead ribozyme as a well-
suited actuator domain to generate a ribozyme switch. Here, the ribozyme’s activity 
depends on tertiary-structure-stabilizing interactions between stem-loops I and II [28] 
so the integration of the FBP aptamer into one of these stem-loops would make these 
interactions, and thus HHRz activity, modulated by FBP binding. Second, we increased 
the diversity of the RNA devices by generating six libraries, in which the aptamer was 
fused to each of the actuator’s stem-loops following three different strategies. By doing 
so, we mitigated potential biases associated with one particular design that might result 
in an unspecific alteration of HHRz activity or FBP binding. Third, the depletion of 
non-functional RNA devices from our library, i.e. those without ribozyme activity 
irrespective of the presence of the ligand, allowed us to focus our screening capacity on 
variants that are able to display FBP-dependent activity. The combination of these 
measures contributed critically to increase the chances of identifying a variant with FBP-
dependent activity in a relatively limited search space. 

In contrast to protein-based metabolite sensors such as those relying on Förster 
resonance energy transfer, RNA-based sensors are in theory scalable [15], meaning that 
one could utilize in vitro-selected aptamers for constructing sensors with unlimited 
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specificities. However, to our knowledge in the last 10 years this has been accomplished 
only in very few instances [17,22,23], indicating that there is not yet an obvious way to 
turn in vitro-selected aptamers into metabolite sensors that are functional in cells. 
Regarding this fact, it has been argued that the strategies to generate such sensors with 
novel specificities are limited in terms of throughput and efficiency [21]. Our work 
addressed both limitations as we managed to develop an in vivo-functional metabolite 
sensor by exploiting the FACS-Seq screening method [28], which allowed us to analyze 
the readout of thousands of clones simultaneously (high throughput) and in an 
automated way (high efficiency). Nevertheless, even without a high-throughput 
approach, using instead a labor-intensive manual screening, Suess and colleagues have 
developed three (out of the eight identified thus far) in vitro-selected aptamers that are 
in vivo-functional sensors [11,12,22], which suggests that throughput might not be the 
most critical bottleneck. We believe that an essential factor in achieving the RNA sensor 
scalability is increasing the effectiveness of the screening for a particular aptamer by 
exploiting its unique properties, what we did by choosing a suitable actuator and fusing 
the aptamer to it according to the knowledge of the aptamer’s structural elements. 
Besides, strategies aimed to increase the effectiveness of aptamer screening also at the 
initial in vitro selection phase (e.g. by using capture SELEX and monitoring in vitro 
selection by NGS [22] or by using a “naturalized” RNA pool in which the variable 
regions were embedded in a scaffold derived from natural riboswitches [23]) proved to 
be critical to successfully develop sensors from in vitro-selected aptamers. Thus, 
achieving the scalability of RNA-based sensors requires the design of screening  
specifically tailored for each particular in vitro-selected aptamer. 

The RNA synthetic biology field is currently moving from the proof-of-concept stage 
to the development of applicable tools. Specifically, recently developed sensors based 
on the aptamers of theophylline and S-adenosyl-L-homocysteine have been applied for 
parallel single-cell measurement of enzyme activity and enzyme evolution [50,51]. 
Moreover, RNA-based sensors for such amino acids as L-lysine and L-tryptophan have 
been implemented to facilitate the optimization of metabolite-producing strains [52]. 
Ideally, the potential scalability offered by RNA-based sensors, as compared to protein-
based sensors, would allow extending these applications to any compound of interest 
in biotechnological industry. Our sensor for FBP, a central metabolite whose cellular 
concentration correlates with the flux through glycolysis [32–34], offers exciting 
possibilities for sensing metabolic activity. As such, it will become a valuable tool for 
studying metabolic heterogeneity and for developing cell factories as well as a useful 
metabolic reporter for drug screening in cellular models. 

METHODS 

In vitro selection of FBP aptamer 

A detailed description of selection of C45 was published elsewhere [35]. In brief, 100 
µL of D-fructose-1,6-bisphosphate (FBP) immobilized to epoxy-activated sepharose by 
1, 4-butanediol-diglycidyl-ether equilibrated with cytosolic buffer [38] CB (6mM 
KH2PO4, 14mM K2HPO4, 140m M KCl, 10mM NaCl, 5 mM MgCl2, 5.5% glucose, 
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pH 6.88) was mixed with 1 nmol of the RNA pool in a final volume of 400 µL and let 
to settle by gravity at 25⁰C. In rounds 1 to 3, prior to the incubation with FBP-
sepharose, the RNA pool was pre-cleared with the same volume of sepharose. After 
incubation, the column was washed twice with 600 µL of CB and the RNA bound 
eluted. Elution buffer was 5 mM EDTA in rounds 1 to 3, and 5mM FBP in CB in 
rounds 4 to 13. RNA was precipitated from the eluates with 30 mM sodium acetate in 
ethanolic solution and 10 µg of glycogen, retrotranscribed with Superscript II 
(Invitrogen; Carlsbad, CA) at 54⁰C for 10 min and the resulting cDNA amplified with 
GoTaq Flexi DNA polymerase (Promega; Madison, WI) for 8 PCR cycles in the same 
reaction with a final volume of 100 µL. 10 µL of the amplification product was used as 
template to synthesize the RNA pool for the next round by in vitro transcription with 
T7 RNA polymerase at 37⁰C for 20 minutes. RT-PCR products obtained from round 
13 were cloned with TOPO TA Kit (Invitrogen; Carlsbad, CA) according to the 
manufacturer’s indications, and plasmids extracted from individual bacterial clones sent 
for Sanger sequencing using the T3 primer. 

Binding assays with immobilized FBP 
CAL Fluor Red 610-labelled RNA sequences were purchased from LGC Biosearch 
Technologies (Risskov, Denmark). 560 µl of FBP-sepharose were mixed with 8.4 mL 
of 20 nM CAL Fluor Red 610-labelled RNAs in a Econo-Column Chromatography 
Column (BioRad, Hercules,CA), and the column washed with CB until no fluorescence 
change was detected in the flow-through. The resin was then resuspended in 8.4 mL of 
CB and evenly distributed among seven empty polypropylene spin columns, from 
which the RNA was eluted using different concentrations of FBP (1.2 mL; 0.03, 0.13, 
0.50, 2.0, 8.0, 32, 128 mM). The percentage of eluted RNA was calculated by measuring 
the fluorescence intensity in the eluted fractions and the one remaining in their 
respective columns with a Edinburgh FS920 spectrofluorometer (Edinburgh 
Instruments, Edinburgh, U.K.) using an excitation wavelength of 590 nm (slit of 5 nm) 
and an emission of 615 nm (slit of 20 nm) in a final volume of 1.2 mL for all samples 
in a 10mm x 10mm quartz cuvette. Specificity assays were performed as described but 
using 200 µl of FBP-sepharose and 1.2 mL of 20 nM CAL Fluor Red 610-labelled RNA 
and eluted with 1.2 mL 10 mM of glucose-6-phosphate, fructose-6-phosphate, 
adenosine-triphosphate and FBP (all from Sigma; St. Louis, MO). All measurements 
were performed in triplicate. Data were analyzed using GraphPad Prism 5.0, where a 
non-linear regression (assumptions: one binding-site – specific binding) with the least 
squares fitting method was used to model binding behavior and the KD.   

Preparation of metabolites 

To remove the Na+ present in commercially-available salts of phosphorylated 
metabolites (fructose-1-phosphate, fructose-1,6-bisphosphate) these compounds were 
dialyzed prior to binding analyses. The compounds were dissolved in 2x CB, and mQ 
H2O was then added to reach a final concentration around 1.5M in 1x CB. This stock 
solution was dialyzed in a Spectrum Micro Float-A-Lyzer with a MW cut-off 0.1-0.5 
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kDa (Thermo Fisher Sci.; Waltham, MA) against 1L of CB with additional 2M glucose 
to prevent osmosis. Dialysis was let to proceed for 24 hours with continuous stirring at 
4⁰C including two changes of the outer buffer. After dialysis, the pH of FBP solution 
was checked and adjusted to 7.0 if necessary, and the concentration determined by 
HPLC. In brief, a series of dilutions of the dialyzed stock were run through a HiPLEX 
column (Agilent, Santa Clara, CA) for 20 minutes in 0.005 M H2SO4. A unique peak at 
6.4 min was integrated and the values interpolated in a standard curve run alongside. 

In vitro transcription 

DNA templates for in vitro transcription of RNA aptamers were generated by 
hybridization two complementary single stranded DNA oligonucleotides (ADO-01 to 
ADO-12; Table S7). 150 µL of each oligo at 200 µM in TE buffer (10 mM Tris-HCl, 1 
mM EDTA, pH = 8) were mixed, and the mix heated at 95⁰C for 5 minutes and then 
cooled down to 70⁰C with a -1⁰C/min slope. Hybridization was monitored by poly-
acrylamide gel electrophoresis (PAGE) in a 6% PA - 1x TBE (89 mM Tris, 89 mM 
boric acid, 2 mM EDTA) gel using 0.5x TBE as running buffer for 20 min at 300V. 
The gel was stained with a 1:10,000 solution of Invitrogen SYBR safe (Thermo Fisher 
Sci.; Waltham, MA) in 1x TBE for 5 min and visualized in a UV transilluminator.  

0.1 µM of template DNA was transcribed in vitro for 4 hours at 37⁰C with 1 U/µl T7 
polymerase. His-tagged T7 RNA polymerase (kindly provided by Beatrix Suess, TU 
Darmstadt) was expressed in E. coli and purified with Ni2+-sepharose column. The 
transcription mix also included, 1x transcription buffer, NTPs 2.5 mM each, 0.2 U/µL 
RNase inhibitor, 0.1 mU/µL inorganic pyrophosphatase  (all from Thermo Fisher Sci.; 
Waltham, MA), 2 mM spermidine (Sigma, St. Louis, MO) in a final volume of 0.3 mL. 
To generate 5’-thio-modified RNA for RNA labeling, the reaction mix also included 10 
mM guanosine-5’-thiophosphate (GMPS; Genaxxon bioscience, Ulm, Germany). 
Nucleic acids were precipitated with 0.3 M sodium acetate in ethanolic solution, and 
then template DNA digested using Turbo DNA-free kit (Thermo Fisher Sci.) for 1h at 
37⁰C following manufacturer’s instructions. DNA-free RNA was precipitated with 
sodium acetate, and purified by preparative denaturing urea-PAGE. RNA pellets from 
5’-thio-modified RNA transcription were re-dissolved in coupling buffer (8M urea, 2 
mM Tris-HCl, 20 mM EDTA pH = 7.0), and DTT was then added to a final 
concentration of 60 mM. After a 1 hour-incubation, un-incorporated GMPS and DTT 
were removed by gel filtration using two Zeba Spin desalting columns (Thermo Fisher 
Sci.) sequentially.  

RNA labeling 
50 nmol of Cy5-maleimide (GE Healthcare, Chicago, IL) dissolved in anhydrous 
DMSO (Thermo Fisher) were mixed with 150 nmol of RNA (from 5’-thio-modification 
procedure) in coupling buffer and incubated for 2 h at 37⁰C in the dark. Cy5-labeled 
RNA was purified by preparative denaturing urea-PAGE. The integrity and purity of 
labeled RNA was monitored by denaturing PAGE, being the gels stained with SYBR 
safe and scanned with a Typhoon 9410 (two channels: 488/520 for SYBR; and 640/674 
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nm for Cy5) and analyzed with ImageQuant TL1 Software (GE Healthcare). Cy5-RNA 
concentration was determined in a Spark 10M multimode reader using a nanoquant 
plate (Tecan, Männedorf, Switzerland).  

Preparative denaturing urea-polyacrylamide gel electrophoresis 
DNA-free RNA from in vitro transcription and Cy5-labeled RNA from coupling 
reactions precipitated with sodium acetate were re-dissolved in Bartel/Lau loading 
buffer (8M urea, 2 mM Tris-HCl, 20 mM EDTA pH = 8.0), heated 2.5 min at 90⁰C 
and snap-chilled in an ice-water bath. The sample was loaded on a 16x16 cm 8M urea - 
10% PA – 1xTBE gel, previously pre-run at 250V for 40 min, and run in 1x TBE for 
2.7 h at 300V in the dark. Gels were then shaded with an UV lamp to identify the bands 
corresponding either to labeled or unlabeled RNA. These bands were sliced from the 
gel, freeze-thawed once and crushed with a tip, and the RNA eluted in 500 µL of 0.3M 
sodium acetate pH = 5.8 for 2h at 50⁰C in the dark. Eluted RNA was precipitated, re-
dissolved in RNA storage buffer (RSB: 3mM sodium acetate, 0.25 mM EDTA, pH = 
6), heated for 2.5 min at 90 ⁰C and snap-chilled, aliquoted and stored at -80⁰C. 

Binding assays with microscale thermophoresis 
A frozen aliquot of 0.2 µM Cy5-labeled RNA in RSB was thawed in ice, heated 2.5 min 
at 90⁰C, snap-chilled and kept at 0⁰C for 3 min. This denatured RNA was immediately 
let to fold for 1h at 30⁰C in 1x CB with 0.5 mg mL-1 BSA at final RNA concentration 
of 15 nM. The ligand was diluted in 1x CB and then used to prepare serial dilutions 
with the same buffer, except for the lowest concentration point that contained only the 
buffer (control). To assemble the binding reactions 8 µL of the folded labeled RNA 
was mixed with the same volume of the ligand at 25⁰C and promptly used to fill up the 
capillaries for MST measurements. MST measurements were performed using a 
Monolith NT.115 Green Red MST instrument (Nanotemper technologies, München, 
Germany) with MST grade standard treated NT.115 capillaries. The MST settings were: 
temperature of the instrument: 22⁰C; LED power: 90%, Red – Ex: 625 nm, Em: 680 
nm; IR/MST laser power: 60%; time before heating: 5 sec; time IR/MST on: 30 sec; 
time after heating: 3 sec. The normalized fluorescence (Fnorm) corresponds to the ratio 
between the fluorescence measured after the 30 sec period where IR/MST-Laser has 
been on (Fhot) divided by the fluorescence measured before the IR/MST-Laser starts 
heating (Finitial), i.e. Fnorm = Fhot/ Finitial. Fnorm measurements were obtained with NTA 
Analysis software (NanoTemper Technologies) and normalized (ΔFnorm) by subtracting 
the value of the lowest concentration point (i.e. the only-buffer control). Data were 
analyzed using GraphPad Prism 5.0, where a non-linear regression (assumptions: one 
binding-site – specific binding with Hill slope) with the least squares fitting method was 
used to model binding behavior and the KD.   

Selective 2’-hydroxyl acylation analyzed by primer extension 
DNA templates for in vitro transcription in SHAPE assays included the T7 promoter, 
two DNA cassettes to prevent signal loss from C45 [53], the C45 aptamer sequence, 
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and the first 218 nucleotides of GFP coding sequence. C45 aptamer sequence was first 
cloned into pWHE601 immediately upstream of ATG initiation codon of GFP [11]. 
To this aim, two DNA fragments corresponding to C45 and the linearized plasmid were 
produced by PCR with primers ADO13 and ADO14, and ADO15 and ADO16, 
respectively, and assembled using the Gibson Assembly mix (New England Biolabs, 
Ipswich, MA). pWHE601-C45 was then used as template to generate an amplicon that 
includes one cassette and C45 using ADO17 and ADO18 primers. In a second PCR, 
the T7 promoter and the second cassette were included using primers ADO19 and 
ADO20, and this amplicon was then used as template to generate the final template 
using ADO21 and ADO20 primers. All PCR reaction were carried out using the Q5® 
High-Fidelity DNA Polymerase (New England Biolabs) following manufacturer’s 
recommendations. RNA was transcribed in vitro and purified as described above. 

For RNA folding, a frozen aliquot of unlabeled RNA (diluted in RSB) was thawed in 
ice, denatured as described above, and then diluted in 1x CB either with or without 86 
mM FBP. RNA was let to fold for 1h at 37⁰C. 5 pmol of folded RNA was treated with 
5 mM 1-methyl-6-nitroisatoic anhydride (1M6, dissolved in anhydrous DMSO) for 3 
min at 37⁰C, and the reaction quenched with cold 0.3M sodium acetate in ethanol and 
precipitated. Control samples containing no reagent were prepared in parallel with an 
equivalent volume of DMSO. For primer extension, RNA pellets (1M6-modified or 
untreated) were dissolved in 10 µL of RNAse-free H2O and mixed with 2 µL of a 1.25 
µM NED-labeled ADO-22 primer at 5’, 4.5 µL of 5x first strand buffer (Invitrogen), 1 
µL of 100 mM DTT, 1 µL of dNTPs mix 10 mM, 0.2 µL of RNAse inhibitor and 0.3 
µL of SuperScript III reverse transcriptase (Invitrogen). The reaction was carried out 
for 20 min at 52⁰C and quenched at 85⁰C for 5 min. Sequencing reactions included 5 
pmol of un-modified RNA, 2 µL of 1.25 µM 6-FAM-labeled ADO-22 primer and 1 µl 
of 100 mM ddTTP (USB-Affymetrix, Cleveland, OH). Fluorescently-labeled cDNA 
fragments were analyzed by capillary electrophoresis (CE). A sequencing reaction and 
a sample under study (RNA treated with 1M6 or only DMSO) were loaded in each 
capillary and analyzed in a 3130xl Genetic Analyzer (Thermo Fisher Sci.) following a 
prior optimization of the ratio between experimental and sequencing reactions to avoid 
signal saturation.   

To calculate the reactivity values for each nucleotide the electropherograms from CE 
were processed using QuShape software [54]. In specific, a region of interest was first 
delimited excluding the final product to prevent signal saturation. Individual peaks were 
obtained by smoothing the signal and adjusting the baseline in this region. Signal decay 
correction was omitted. After aligning the peaks from the experimental and control 
samples, the sequence (provided as input) was aligned to these peaks. The normalized 
reactivity at each nucleotide position was calculated by dividing each value by the 
average intensity of the 10% most reactive residues (excluding outliers) [54]. To 
calculate ligand-induced structural changes (differential shape) the reactivity value at 
each nucleotide position was subtracted from that in the RNA folded in the presence 
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of FBP. Differences in the reactivity were considered when it was greater than 0.3 and 
the p-value (t-test, two tails, non-paired) smaller than 0.05.  

For the secondary structure predictions, the reactivity values were send to RNA 
structure software [40], which coupled SHAPE reactivity with energy minimization. 

Yeast strains and cultivation 
We used S. cerevisiae strain KOY wild type (WT) and KOY-VW100 TM6* [42] (TM6*), 
both with ura3-52 auxotrophy. Unless specifically indicated, yeast were cultivated in 500 
mL-flasks containing 50 mL of Verduyn’s minimal medium [55] buffered at pH 5 with 
10 mM KH-phthalate, and inoculated with exponentially growing cells. Starting cell 
density (0.75-2.0x 106 cells mL-1) was adjusted to the foreseen time of cultivation and 
each strain’s growth rate so that the culture never achieved densities higher than 2.5-
3.0x 107 cells mL-1. To obtain a homogeneous culture of cells adapted to the carbon 
source and with a metabolic steady state, cells were allowed to grow at least for 20 
generations through two pre-culturing steps prior to the main culture. The inoculum 
was prepared in the identical minimal medium. All cultivations were performed at 30 
˚C, and cultures were continuously shaken at 300 rpm. To make competent cells, we 
used Yeast Peptone broth (20 gL-1 peptone, 10 g L-1 yeast extract). To recover cells after 
sorting, we used Yeast Nitrogen Base (YNB) supplemented with Complete Supplement 
Mixture (CSM) dropout without uracil and 400 µg mL-1 of G418. All nutrients and 
supplements to make media were purchased to ForemediumTM (London, UK). All 
culture media were supplemented with either 20 g L-1 of D-glucose or maltose (both 
from Merck Millipore).  

For microfluidic cultivation, several days before a microscopy experiment, we 
recovered necessary strains from their glycerol stocks stored at -80°C, by growing them 
for two days on 2%-glucose agar plates. For each strain, a single colony was inoculated 
in 10 mL of Verduyn’s minimal medium in a 100-mL Erlenmeyer flask, which initiated 
a pre-culture that was cultivated overnight at 30°C with shaking at the speed of 300 
rpm. Cells still growing exponentially in the pre-culture were diluted at the 
OD600=0.025-0.05 in the fresh medium and cultivated for several hours under the same 
conditions until the OD600=0.1-0.2. Afterwards, cells were loaded in the microfluidic 
device as described previously [45,46]. In the microfluidic device, cells were constantly 
provided with the fresh medium at the flow rate of 4-5 µL/min via a syringe pump (for 
Figures 7A, B, D) or an air-pressurized pumping system (OB1, Elveflow) assisted by a 
flow sensor (MFS2, Elveflow) (for Figure 7C). During cultivation in the microfluidic 
device, the temperature was maintained at 30°C with the help of a microscope 
incubator. Cell cultivation in the two consecutive flask cultures and the microfluidic 
device was done on the same carbon source, namely, 2% (20 g/L) glucose or 2% 
maltose. For Figures 7A-B, we cultivated different strains simultaneously in two 
microfluidic devices attached to one cover glass: in one device, we loaded TM6* cells 
with the sensor 2_6, and TM6* cells without fluorescent proteins and ura3-52 
auxotrophy (for further cell-autofluorescence correction); in the other device, we 
loaded TM6* cells with the mutant 2_6m, and also TM6* cells without fluorescent 
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proteins and ura3-52 auxotrophy. For Figures 7C-D, we cultivated WT cells with the 
sensor 2_6 and the mutant 2_6m in microfluidic devices on different days. In both 
cases, we also loaded into the microfluidic device WT cells without fluorescent proteins 
and ura3-52 auxotrophy for further cell autofluorescence correction. 

For in vivo RNA structural mapping, TM6* cells with the sensor 2_6 and the mutant 
2_6m were cultivated in two consecutive exponential cultures in 10 mL of Verduyn’s 
minimal medium with 2% glucose and 2% maltose in 100-mL Erlenmeyer flasks. 

Quantification of intracellular concentration of fructose-1,6-bisphosphate 
3x 107 TM6* cells from a exponentially-growing culture in minimal medium plus 2.0 g 
L-1 glucose or 2.0 g L-1 maltose were quenched in methanol at -80⁰C, harvested by 
centrifugation at 2,500x g for 10 min at -10⁰C and the pellet washed with methanol and 
stored at -80⁰C. Extraction of cellular metabolites was done in a solution of methanol, 
acetonitrile and water (4:4:2 by volume) with 0.1 M formic acid, pre-cooled to -20⁰C 
and with U13C internal standards spiked in. The pellet was extracted twice with 0.9 mL 
of the solution for 10 minutes at -20⁰C with shaking (final volume 1.8 mL). Organic 
solvents were removed from the supernatant in a vacuum concentrator (2 h, RT), and 
the remaining water by freeze-drying overnight. The precipitates were resuspended 0.2 
mL of water and re-dissolved by vortexing and ultrasonication. Finally, the extract was 
centrifuged (2 min; 21,000x g,4°C), and 10 µL of the supernatant analyzed using a 
UHPLC-MS/MS. Quantification was based on the 12C/13C peak area ratios related to a 
calibration curve made of pure 12C-standards with a global U13C-internal standard. A 
detailed description of the UHPLC-MS/MS method and equipment used for LC-
MS/MS and preparation of the standards has been previously described [56]. FBP 
concentration in each biological replicate, which corresponded to the average of 
independent FBP determinations from two samples of the same culture, was then used 
to calculate the average FBP-amount per cell.  

To determine cell volume we used BudJ [57], a plugin for ImageJ. In brief, the algorithm 
determines cell boundaries by detecting two consecutive maximum and minimum pixel 
values in a densitometric profile along a radial axis from a seed point within the cell, 
and then fits an ellipse to the boundary pixel array. The measured major and minor axes 
from the ellipse are utilized to calculate the volume assuming that the cell has the shape 
of a prolate ellipsoid. At least 70 cells were selected from each biological replicate to 
calculate the median cell volume. Intracellular FBP concentration for each experiment 
was calculated by dividing the average FBP-amount per cell by the median of cell 
volume measurements.     

Determination of GFP/mCherry ratio by flow cytometry 
GFP and mCherry fluorescence intensity was measured by flow cytometry (BD 
Accuri™ C6, Becton Dickinson) at three different time points on the hour scale where 
cells displayed their normal growth rate. Optical configuration to measure GFP and 
mCherry signals was 488 nm for excitation and 510/15 BP and 610/20 BP filters, 
respectively, for detection. Data were analyzed using Kaluza (Beckman Coulter). Live 
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cells were first gated by FCS and SSC height parameters, and duplets discarded using 
SSC width and FSC height parameters. Channels were compensated to remove GFP 
fluorescence spillover into mCherry signal using the double negative and single-color 
controls described for cell sorting (see above). GFP/mCherry plots were generated with 
20,000 cells of this gate of singlets and live cells, and overlaid with other samples for 
comparison. To determine the ratio, we exported the compensated raw data from the 
cells in the main cloud (excluding cells with low mCherry) and calculated single-cell 
GFP/mCherry values. 
Preparation of C45-HHRz library and HHRz versions for the in vivo reporter 
system 
To generate C45-HHRz libraries, and the different HHRz versions used as controls for 
the calibration of the in vivo reporter system, the inserts were amplified by PCR, digested 
with AvrII and XhoI and ligated to pCS1748 plasmid [27], which was previously 
digested with the same enzymes and de-phosphorylated with Antarctic phosphatase 
(New England Biolabs). The templates for the inserts of libraries C45-I and II, inv-I 
and II, and the wild-type satellite RNA of tobacco ringspot virus (sTRSV) HHRz 
control were generated after five amplification cycles of a SOE PCR, using 10 fmol of 
each F and R 3’-overlapping denatured primers. The optimal Tm was determined 
experimentally for each primer pair and a fifth of the volume of this reaction used as 
template for the amplification of the insert. For libraries sh-I and II and all HHRz-
mutant versions we used 0.1 fmol of a unique ssDNA primer as template (ADO41-42 
and ADO25-32, respectively). Insert amplification was run for 20 cycles, using 0.5 µM 
of each primer ADO043 and ADO044 and a Tm of 65⁰C. All amplifications were 
carried out using Q5 polymerase (New England Biolabs) being the PCR protocol set 
according to manufacturer’s recommendation. 100 ng of digested and de-
phosphorylated pCS1748 were ligated to a 3-fold molar excess of each digested insert 
overnight at 16⁰C. Six ligation reactions were then pooled and precipitated with 10 µg 
of glycogen, re-dissolved in 5 µL of ddH2O, transformed into ultracompetent DH5α 
cells [58] by thermal shock, and the recombinants selected in LB with 100 µg mL-1 
carbecillin. In these conditions we obtained around 2x105 clones per library.  

To transform the libraries and HHRz versions into the KOY wild-type and TM6* yeast 
strains we adapted the LiAc Gietz’s transformation protocol [59] so as to obtain at least 
as many as 4-fold the maximum theoretical number of clones for each library. In brief, 
to transform library LibII (containing 7 positions with randomized sequence and a 
theoretical maximum of 49,152 clones) into TM6*(displaying a 10-fold lower 
transformation efficiency than the wild type) we incubated 2x1010 cells with 18 µg of 
the plasmid library in 65 mL of a solution of lithium acetate/PEG/denatured salmon 
sperm carrier DNA (0.1M/33%/0.28mg mL-1) in TE pH=7.5  for 45 min at 42⁰C. Cells 
were recovered for 5 hours at 30⁰C in YP medium with 2% maltose and then spread 
onto 50 petri dishes (150x20 mm, Sarstedt) with YNB + CSM Ura- with 2% maltose 
supplemented with G418 at 0.2 mg mL-1. After 72 hours of incubation more than 
200,000 clones were scrapped from the plates and pooled.  
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Sorting of cell subpopulations based on GFP/mCherry ratio by fluorescence-
assisted cell sorting  

Prior to the sorting each strain had grown for 20 generations in minimal medium 
without achieving a density higher than 2.5x 107 cells mL-1 and displayed a constant and 
reproducible growth rate. Cell density was determined by flow cytometry using an 
Accuri™ C6 (Becton Dickinson). For each sorting experiment, a double negative (non-
transformed strain), and two strains harboring single-color plasmids (GFP, pCS1585) 
and (mCherry, pCS1749) [27] were taken along as compensation controls. In addition, 
strains harboring the dual-color plasmids with the HHRz versions showing different 
GFP/mCherry values (HHRz, CTL, and M1 to M7) were also grown in parallel as 
calibration standards and used to set the sorting gates. All controls were generated in 
the both KOY wild-type and TM6* backgrounds. Libraries LibI and LibII were pooled 
at a proportion of 1:63. Cell cultures were spun down and resuspended to a density of 
of 5x 107 mL-1in fresh medium, filtered through a 35 µm cell strainer (BD Falcon), and 
kept at 4⁰C until sorted. Cell sorting was carried out with a MoFlo Astrios (Beckman 
Coulter) using a 488 nm laser and a 513/26 bandpass emission filter to detect GFP, and 
a 561 laser and a 614/20 filter to detect mCherry. Live cells were first gated using 
forward-(FSC) and side-scattered light (SSC) height parameters, then the duplets 
discarded using SSC width and FSC height parameters, and finally only cells with 
intermediate mCherry levels within the main cloud were gated. For the pre-selection of 
C45-HHRz RNA devices with a functional ribozyme we sorted the 3-4% cells with 
lowest GFP values that did not overlap with the HHRz mutant in the active site (CTL 
version). For the high-throughput in vivo screening of RNA devices the top and bottom 
sorting gates corresponded to the inactive CTL mutant and the wild-type versions of 
HHRz, respectively, and the remaining four gates were evenly distributed throughout 
GFP/mCherry space in between. Sample data were acquired with Summit software 
(Beckman Coulter). We routinely collected 150,000 cells per sorted sub-populations. 
For minority subpopulations representing 0.01 to 0.2 % of the input population we 
collected 2,000 and 20,000 cells, respectively. Sorted cells were collected in 0.5 mL of 
minimal medium containing either 2% glucose or maltose and 30 µg mL-1 
chloramphenicol at 4⁰C, and then diluted in 7 mL of YNB+CSM Ura- +2% glucose or 
maltose and the culture let to grow and passed 1/50 twice.  

Preparation of DNA library for NGS 

NGS library was prepared following a three-step PCR amplification scheme: (i) the outer 
PCR, where the region of the plasmid containing the RNA device was amplified, (ii) 
the Nextera PCR, a nested PCR that incorporated universal 5’ and 3’ tails for Illumina 
sequencing, and (iii) an indexing PCR to include  sample-specific indexes as well as the 
Illumina adaptors. Plasmids were extracted from a 10 mL culture (5 OD) of sorted cells 
subpopulations using the Zymoprep™ Yeast Plasmid Miniprep II (Zymo Research) 
following manufacturer’s instructions. Outer PCR was performed with 106 template 
DNA molecules and 0.5 µM of each ADO47-48 primers for 10 cycles. For nextera 
PCR, 106 molecules of the amplicons resulting from outer PCR were used as template 
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in a 21 cycle-amplification using 0.5 µM of each ADO50-51 primers. For absolute DNA 
quantification we used real-time PCR (qPCR). qPCR mix included 0.5 µM of each 
ADO47-48 (for plasmids) or ADO50-51 primers (for out PCR amplicons), 4 µL of a 
dilution of the DNA template, and 5 µL of 2x Power SYBR Green PCR Master Mix 
(Thermo Fisher), and the reaction run for 30 cycles in a CFX Connect™ Real-Time 
PCR Detection System (Bio-Rad). For absolute quantification, a calibration curve was 
generated with purified amplicons from pCS1748-CTL HHRz. 

A diversity control [28] was spiked into each plasmid preparation (1 molecule of the 
diversity control per 2,000 of the plasmid) at the point of the outer PCR. It was 
generated using ADO049 primer as template in an outer PCR amplification, and 
contained a 17 nucleotide-stretch with a randomized sequence. This kind of control has 
been previously used to compute the typical number of reads resulting from any single 
molecule that existed in every sample at that point [28]. Here, each outer PCR reaction 
contained a total of 500 molecules of the diversity control, all of them most likely with 
a different unique sequence. In addition, we included an additional sample with the 
plasmid pCS1748-CTL HHRz as a cross-contamination control. All PCR amplifications 
were carried out with the Q5® High-Fidelity DNA Polymerase (New England Biolabs) 
following the protocol recommended by the manufacturer, the Tm optimized 
empirically for each primer pair, and the PCR products purified using the NucleoSpin 
Gel and PCR Clean-up (Macherey-Nagel). Indexing PCR and NGS were performed by 
Microsynth (Balgach). In brief, purified products from indexing PCR were quantified 
using PicoGreen (Thermo Scientific) and pooled together (pooling factor for input 
samples was 7x, while for the rest of the samples was 1x). The paired-end sequencing 
was done on Illumina NextSeq 500 mid-output run 150v2 with a capacity of 120 
millions reads (passed filters), and the reads trimmed and de-replicated prior to our 
specific analysis. 

Analysis of high-throughput in vivo screening (FACS-Seq) of RNA devices 
All analysis was performed in Python with the help of the modules pandas, scipy, regex, 
matplotlib, matplotlib_venn and seaborn. The sequences of the cross-contamination control, 
diversity control and potential C45-HHRz clones were identified in the NGS data via 
regular expressions, allowing a small number of matching errors (table S3). Sequences 
failing to match these three patterns represented a small proportion of unique 
sequences (median 1.5e-02) as well as of total coverage (median 1.3e-03), did not show 
biases to specific samples (table S4), and were ignored in further analysis. The cross-
contamination rate was estimated in all samples and had the low median value of 4.2e-
06 (table S5). Detecting the sequences of diversity control, we verified that a single 
molecule at the point of the outer PCR was typically supported by two reads in the 
majority of the samples (table S6). From the sequences identified as potential C45-
HHRz clones (table S3), the middle part between the primer-binding sites for Nextera 
PCR was extracted and put in a table with the number of corresponding reads 
(coverage) in every sample. Identical sequences in the table were collapsed, with their 
coverages summed up. We removed from the table those sequences that did not comply 
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with any of the six RNA-device architectures (table S3), which amounted to 403 out of 
the clones covered by at least four reads in both TM6* replicates on both carbon 
sources (the fraction of 0.026), 417 out of the clones covered by at least four reads in 
both wild-type replicates on both carbon sources (the fraction of 0.029) and 742 out of 
the clones covered by at least two reads in both wild-type replicates on both carbon 
sources (the fraction of 0.024). Calculation of the measures used for the hit selection 
(table S2) was performed in this table, parts of which corresponding to different strains 
and coverage thresholds are provided in Supplementary files. Supplementary notes 2 and 
3 motivate the choice of coverage thresholds, describe quality controls and present the 
hit selection in more detail. 

Validation of FBP-sensor candidates 
Construction of individual clones identified as sensor candidates in the screening was 
carried out following the same strategies and experimental conditions as for the 
preparation of C45-HHRz library (see above). For hits 2_12 and 3_7, we proceeded as 
for sh libraries using a unique ssDNA primer as template, while for the rest of the 
constructs we proceeded by SOE PCR with a forward and a reverse primer pair just as 
we did for C45 or inv libraries. Sequences were verified by Sanger sequencing using 
ADO77 primer. Plasmids were transformed into KOY wild type and TM6* strains 
using the Lithium acetate/PEG method as described above. 

Individual clones were grown in minimal medium as described for the sorting of cell 
subpopulations (see above) in 14-mL round-bottom tubes (Greiner). To determine 
GFP/mCherry ratio, we measured GFP and mCherry by flow cytometry (BD Accuri™ 
C6, Becton Dickinson) as described above. For each biological replicate experiment, 
the response of a sensor to the FBP-level difference was calculated as the mean value of 
the change in the median of single-cell GFP/mCherry ratio values across three time 
points (see the caption of Figure 6). Using the average across the three time points of 
normal growth is intended for obtaining a robust estimate. 

In vivo RNA structural mapping 

In vivo DMS treatment. 50 mM HEPES-KOH, pH 7.5, was added to a culture sample. 
Afterwards, we treated cells in the sample by the addition of 100 mM DMS (Sigma 
Aldrich, cat. D186309), and incubated the sample at 30⁰C with moderate shaking for 2 
minutes. Next, DTT was added to the final concentration of 0.5 M to quench the 
reaction, after which the cells were centrifuged at 3,000 g for 2 minutes (4⁰C), and the 
medium discarded. We washed the cells once in ice-cold PBS supplemented with 0.5 M 
DTT. Pellets were snap-frozen in liquid nitrogen and stored at -80⁰C. 

Targeted DMS-MaPseq analysis. Total RNA was extracted by the addition of TRIzol 
reagent (ThermoFisher Scientific, cat. 15596018) to cell pellets, followed by the 
incubation at 60⁰C for 30 minutes. RNA purification was performed following 
manufacturer instructions with minor changes. Briefly, after the addition of 0.2 volumes 
of chloroform and centrifugation, the upper aqueous phase was added to 2 volumes of 
100% ethanol, and then loaded onto an RNA Clean & Concentrator-5 column (Zymo 
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Research, cat. R1013). Before proceeding to the reverse transcription, samples were 
treated for 30 minutes at 37⁰C with 1 U TURBO DNase (ThermoFisher Scientific, cat. 
AM2238) to remove traces of genomic DNA. Targeted reverse transcription was 
performed using 100U TGIRT-III (InGex, cat. TGIRT50) in FSB buffer (50 mM Tris-
HCl pH 8.3, 75 mM KCl, 3 mM MgCl2]) supplemented with 5 mM DTT, 1 mM dNTPs, 
1 µM gene-specific RT primer ADO79, 10 U SuperaseIN RNase Inhibitor 
(ThermoFisher Scientific, cat. AM2694). Briefly, after mixing RNA with the primer and 
dNTPs, the sample was heated at 70⁰C for 5 minutes and then immediately transferred 
to ice for 1 minute. After the addition of the remaining components (but TGIRT-III), 
reactions were further incubated at room temperature for 5 minutes. TGIRT-III was 
added, and samples were incubated for 2 hours at 57⁰C, followed by the addition of 1 
µl NaOH 5N and the incubation at 95⁰C for 3 minutes to release the cDNA. Samples 
were then purified on RNA Clean & Concentrator-5 columns and 20% of the eluate 
was used for targeted PCR amplification (ADO78, ADO79). 

PCR amplicons were randomly fragmented to an average size of 150-200 bp using 
NEBNext dsDNA Fragmentase (New England Biolabs, cat. M0348S), following 
manufacturer instructions. Samples were then purified using 1 volume of Agencourt 
AMPure XP beads (Beckman Coulter, cat. A63880) and used as input for library 
preparation using NEBNext Ultra II DNA Library Prep Kit (New England Biolabs, 
cat. E7645S), according to manufacturer instructions. 

Data analysis. Reads were mapped to the respective reference sequences using the rt-
map tool of RNA Framework [60] and Bowtie v2 [61], after trimming low quality bases 
(Phred < 20). Per-base mutations and coverage, as well as mutation map (MM) files for 
spectral deconvolution, were calculated using the rf-count tool (parameters: -na -ni -md 
3). Normalized reactivity profiles were computed using the rf-norm tool, by applying 
box-plot normalization (parameters: -rb AC -n 1000 -sm 4 -nm 3). MM files were 
instead used as input for DRACO to perform spectral deconvolution of alternative 
conformations (Moranti et al., manuscript in preparation). 

Microscopy and image analysis 

A cover glass with one (Figure 7C-D) or two (Figure 7A-B) microfluidic devices was 
mounted to a Nikon Eclipse Ti-E inverted wide-field fluorescence microscope, where 
time-lapse imaging of cells was performed. The microscope was equipped with an 
Andor DU-897 EX camera, a 40x (Nikon CFI Super Fluor 40X Oil; NA = 1.3) and 
100x (Nikon CFI Super Fluor 100XS Oil; NA = 0.50-1.30) objectives, as well as a 
Lumencor AURA excitation system. Imaging was done in four channels. Specifically, 
in NAD(P)H channel, we excited cells at 360 nm, employing a 350/50-nm band-pass 
filter, a 409-nm beam-splitter and a 435/40-nm emission filter, while having 2% of the 
maximal light intensity and 150 ms exposure (the corresponding fluorescence data was 
not used in the analysis). For GFP measurements, we excited cells at 485 nm, using a 
470/40-nm band-pass filter, a 495-nm beam-splitter and a 525/50-nm emission filter, 
while having 2% of the maximal light intensity and 100 ms exposure (GFP channel). 
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For mCherry measurements, we excited cells at 560 nm, using a 560/40-nm band-pass 
filter, a 585-nm beam splitter and a 630/75-nm emission filter, while having 2% of the 
maximal light intensity and 100 ms exposure (mCherry channel). For bright-field 
imaging, a halogen lamp produced light that was filtered with a 420-nm beam-splitter 
to exclude UV before illuminating cells (BF channel). The microscopes were operated 
using NIS-Elements software. We set the Readout Mode to 1 MHz to minimize the 
camera readout noise and fixed the baseline level of the cameras to 500 at -75 °C. The 
Nikon Perfect Focus System (PFS) was used in time-lapse imaging to prevent the loss 
of focus set in the beginning of the experiment. Microscopy imaging of WT strain 
grown on glucose and TM6* strain grown on maltose was done with the time steps of 
5 minutes, whereas, in case of TM6* strain grown on glucose, we used the time step of 
15 minutes. For Figures 7A-B, the 40x objective was used, whereas for Figures 7C-D 
we employed the 100x objective. 

In every microscopy experiment, multiple non-overlapping regions in the XY-plane of 
the microfluidic device(s) were imaged, which resulted in a set of Nikon NIS-Elements 
ND2 files each containing a multi-channel movie for one XY-region. Every ND2 file 
was imported into ImageJ (v.1.52n, Java 1.8.0_66) [62] where images in the bright-field 
channel were sharpened and contrast-enhanced, after which the movie was saved as a 
TIFF file. Cells were tracked throughout the movie, and their mother compartments 
segmented by fitting an ellipse in the bright-field image at each time point via the semi-
automated plugin BudJ [57] used with ImageJ (v.1.49v, Java 1.8.0_144). Simultaneously, 
by visual inspection and with the help of a custom macro, we recorded for each 
segmented cell the time points of budding events (appearance of a dark-pixel cluster 
from which a daughter cell would later grow) and death (abrupt shrinking and darkening 
of the cell, cessation of cytoplasmic movement, after which the data from the cell was 
not used). To analyze cellular fluorescence data, we loaded the movie-containing TIFF 
file into a NumPy (v.1.15.4) multidimensional array via Python’s module scikit-image 
(v.0.13.1) [63]. For each time point and XY-region, we implemented background-
correction by subtracting from every pixel value the mean of 2.5% dimmest pixels in 
the field of view. We extracted the pixels corresponding to a cell of interest by 
overlapping the NumPy multidimensional array with the segmentation ellipses provided 
by BudJ. The fluorescent signal of a cell was defined as the mean value of its 
background-corrected pixels. To implement cell-autofluorescence correction, for every 
time point in both GFP and mCherry channels, we calculated the median signal of cells 
lacking fluorescent proteins, smoothed it using LOWESS regression with 70 data points 
to fit a local line, and, at the same time point, subtracted the resulting value from the 
signals of cells expressing the sensor or the mutant. Prior to computing the 
GFP/mCherry ratio, we smoothed the cell-autofluorescence-corrected GFP and 
mCherry signals, using LOWESS regression with 8 data points to fit a local line.  
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SUPPLEMENTARY FIGURES 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure S1. Affinity and specificity of different clones obtained by SELEX. A-B. Binding 
assays of fluorescently-labeled (CAL Fluor Red 610) RNA clones C34 (A) and C58 (B) with 
FBP immobilized to sepharose. Labeled RNA was first incubated with FBP immobilized to 
sepharose, using as many samples as concentration points that were to be tested, the resin 
samples were washed, and then the RNA was eluted from the column with different 
concentrations of soluble FBP and quantified. Apparent dissociation constants (KD) were 
estimated using a non-linear regression model assuming one binding-site and specific binding 
with Hill slope. C-D. Specificity assay developed as in A but where a unique 10 mM solution of 
glucose-6-phosphate (G6P), fructose-6-phosphate (F6P), adenosine-triphosphate (ATP), or 
fructose-1,6-bisphosphate was used to release RNA from FBP-column. RNA clones C34 (C) 
and C58 (D) used in the specificity assay are indicated in the upper-left corner of the plots. 
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Figure S2. Secondary structure models of RNA constructs used in binding analyses. A-
C. Clones selected from the SELEX experiment. WUCCU, the enriched motif in the variable 
region of the clones sequenced in the SELEX experiment (W = A or U). L, loop. B, base bulge 
from stem. D-E. Mutants targeting the base of the conserved stem of C34 (D) and of C45 (E). 
In mutant mut C13-A21 was substituted by the complementary sequence; in mutant P2 the 5’ 
(G1 to G12) and 3’ (A49 to A51) tails, and the base of the conserved stem (C13 to U16 and U45 
to G48) was deleted. F-G. Mutants targeting the regions that underwent changes in SHAPE 
reactivity upon FBP binding: the U-bulge (F, mutB: U23 was deleted) and C45 loop (G, mutL: 
nucleotides U27 to U34 of the loop were substituted by the complementary sequence). RNA 
secondary structure models were retrieved using the energy minimization algorithm Mfold (M. 
Zuker, 2003, Nucleic Acids Res. 31 (13), 3406-15). Red and blue lines indicate Watson and Crick 
base pairs; green lines indicate Wobble or Hoogsteen base pairs. 
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Figure S3. Deletion of U23 bulge in C45 does not alter the aptamer’s selectivity. MST 
analysis of binding of mutB to monosaccharides (fructose, mannose) and phosphorylated 
metabolites (F1P, fructose-1-phosphate; FBP, fructose-1,6-bisphosphate). Apparent 
dissociation constant (KD) was estimated using a non-linear regression model assuming one 
binding-site and specific binding with Hill slope.  
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Figure S4. An in vivo reporter system that couples RNA conformational changes with a 
measurable quantitative fluorescent readout. A. The tobacco ringspot virus (sTRSV) 
hammerhead ribozyme (HHRz) is inserted downstream the stop codon (UAA) of a reporter 
gene. Self-cleaving activity yields transcripts with shorter 3’UTR, which are less stable than 
transcripts with uncut 3’UTR. The red arrow denotes the cutting point. B. Schematic drawing 
of the map of the plasmid backbone (pCS1748, (Liang et al., 2012)) used to clone the C45-HHRz 
library in the in vivo screening approach. HHRz, the tobacco ringspot virus (sTRSV) HHRz wild-
type sequence; CTL, the inactive control ribozyme with a scrambled active site (red); M1-M7, a 
set of graded ribozymes with distinct sequences in loops I (magenta) and II (yellow) (Townshend 
et al., 2015), which are predicted to display different long-distance tertiary structure interactions 
between loops I and II (dotted line), hence different self-cleaving activities that would differently 
affect GFP mRNA stability and protein expression. The green lines next to the HHRz schematic 
structures represent the rest of the GFP mRNA including the coding region. C. Overlay FACS 
dot plot showing GFP-mCherry expression pattern in controls used in this study. The dynamic 
range of this reporter system is covered by the space spanning from (and including) CTL (red 
cloud) to HHRz (grey cloud). TM6, the untransformed double-negative host strain; GFP, the 
GFP-only control plasmid pCS1585; mCherry, the mCherry-only control plasmid pCS1749. D. 
The box plot showing the distribution of the GFP/mCherry ratio in single cells determined by 
FACS. The boxes represent the interquartile range, and the whiskers are the 1 and 99 percentile 
bounds. Dots represent events lying outside the 1-99 percentile bounds of the distribution. 
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Figure S5. Design of C45-HHRz RNA device libraries. C45 was grafted into either of the 
HHRz stem-loops, I or II, using three different strategies to prevent biases caused by particular 
ways of combining the FBP aptamer and the ribozyme. For instance, the full-length C45 aptamer 
appended to the stem I could make the new C45-HHRz hybrid stem I too long, and hence the 
C45 loop would lye too far from the loop in the opposite stem-loop to establish tertiary structure 
interactions. Here, we show Mfold predictions of secondary structures adopted by C45-HHRz 
RNA devices in six libraries. C45 aptamer is grafted into either of the two stem-loops HHRz 
has (stem I, A-C; stem II, D-F) by removing the HHRz’s corresponding loop and inserting C45 
aptamer using three strategies. (i) C45 is placed next to the HHRz’s remaining stem in the same 
(A, D) or (ii) inverted orientation (C, F); furthermore, (iii) a shortened version of C45 is merged 
with HHRz stem (B, E). C45, HHRz stems I and II in each representation are delimited with 
dotted-line boxes (blue, grey, green). Note that C45 stem and the HHRz’s remainder stem 
sequences overlap in some constructs (A-B, D-E), and that the sequence of both stems is 
merged (might be slightly modified) at their edges in order to maintain the stem secondary 
structure and avoid increasing the length of the hybrid stem. Note that an A in C45 in inv 
libraries (C, F) lies out of C45 box because this nucleotide was added to close C45 stem and 
allow grafting C45 in the inverted orientation. The sequence of the opposite HHRz loop (i.e. 
loop I when C45 is grafted into stem II, and vice versa) is randomized (indicated with yellow 
boxes) to generate a library. From it, we select those clones that establish interactions between 
C45 and the opposite HHRz stem-loop, and therefore sustain HHRz activity.  
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Figure S6. Molecular exploration of the diversity and composition of the pre-selected 
C45-HHRz RNA device library with a functional ribozyme moiety. A. Venn diagrams 
showing the distribution of unique sequences in different C45-HHRz library input samples used 
in this study. The total number of unique sequences found in each sample is distributed among 
different sets. The unique sequences found in two biological replicates of the same strain (TM6* 
or wild type) correspond to sets III and VI. The unique sequences found in both strains (sets 
III and VI) correspond to the set IX. The set sizes are presented on the segments of the Venn 
diagrams. B. The distribution of coverage among the sequences in the sets (I, II, IV and V) 
found within individual biological replicates only, in the sets (VII and VIII) found in two 
replicates of the same strain only and in the set (IX) found in all the four populations. The bar 
length and the error whiskers shows the mean and two standard deviations of the frequency for 
a group of sequences (three groups are shown with different colors) in the four populations 
(samples). See Supplementary note 2 discussing the diversity of the screening space and the 
introduction of the coverage threshold. C. The distribution of the coverage in the set (X) of the 
sequences that are supported by more than 2 reads in each of the four populations. In B-C, due 
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to the paired-end sequencing, the number of reads is divisible by 2, with the smallest value being 
2. D. Distribution of the three different C45 grafting strategies among the unique clones (Figure 
S5). The identifier of the grafting strategy (C45, inv, sh) and the receiving HHRz stem (I, II), 
and the number of corresponding clones are given above the arrows. The sequence logo shows 
the enrichment of nucleotides in the variable region and two adjacent positions. The information 
content shown on the y-axis is calculated using the alphabet size 5 (ATGC-). 

 
 

 

 

 

 

 

 

 

 

 

 

 

Figure S7. Criteria to set the gate bounds for sorting C45-HHRz RNA device library. A. 
Setting gates based of GFP/mCherry ratio. Overlay GFP-mCherry dot plot of different HHRz 
clones used to delimit the full-scale output of the reporter system used in the screening (Figure 
S4).  HHRz, tobacco ringspot virus (sTRSV) HHRz wild-type sequence; CTL, inactive control 
ribozyme with scrambled active site; M3 and M6, graded ribozymes with distinct sequences in 
loops I and II displaying different self-cleaving activity. The upper and lower bounds (dotted 
lines) of the dynamic range of our reporter system correspond to HHRz (maximal activity) and 
CTL (no activity). The GFP-mCherry space spanning between these bounds is segmented into 
four bins whose size (width) is set according to the size that an individual clone has (and which 
represents roughly half of the intrinsic noise of GFP-mCherry expression). Note that bounds 
between bins are set so that they split the cell cloud of clones with intermediate GFP/mCherry 
ratio values (M3, M6) by half. B. Gating cells based on their mCherry value to reduce 
noise.  GFP-mCherry dot plot of C45-HHRz RNA device library. Polygons depict GFP-
mCherry cell clouds of clones used to set sorting gates based on GFP/mCherry ratio as shown 
in A. Note that, in case of the mCherry expression values lower than about 107 but still 
considered positive for mCherry (Figure S4), cell populations displaying different GFP/mCherry 
ratios (poligons) get closer to each other and overlap. In contrast, cells with high mCherry values 
diverge, and differences in the ratio become less predictable. Gating cells with an intermediate 
mCherry expression value (between dotted lines) generates a more robust ratio output for cells 
in the populations. 
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Figure S8. A robust assignment of GFP/mCherry ratio to each clone in C45-HHRz 
library is based on its relative frequency in sorted cell populations. A. Correlation between 
the absolute frequency of a clone in the C45-HHRz library input population before sorting 𝑓" (x-
axis) and its reconstructed frequency after sorting Φ" (y-axis), which results from summing up its 
relative frequencies calculated for each sorted cell population. See Supplementary notes 2-3 and 
Supplemetary Table S2 for details. The correlation is estimated with the Spearman’s coefficient 
𝜌. The presented data correspond to the clones that are supported by more than 2 reads in each 
of the four sorted TM6* populations (2 replicates × 2 carbon sources) and that are found in two 
input TM6* populations (2 replicates), therefore, 12,348 clones in R1 and 12,413 in R2. B. 
Correlation between GFP/mCherry ratios assigned to each clone 𝜇" in two independent sorting 
experiments (R1, R2) of C45-HHRz library in TM6* background cultured either on maltose or 
glucose. The presented data correspond to 15,031 clones that are supported by 4 reads or more 
in each of the four sorted TM6 populations (2 replicates × 2 carbon sources). In correlation 
plots in A and B, the x-y space has been binned into discrete hexagons, and the color of a 
hexagon denotes the number of clones lying within. A calibrated color-scale reference is 
indicated on the right of each panel. The red points indicate the 11 hits identified by the high-
throughput screening. Note that 9 out of 11 hits were identified in input populations, and that 
on the top plot in B some red points overlap. 
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Figure S9. The sensor 2_6 has two conformations inside the cell whereas the mutant 
2_6m folds in only one conformation. Eigengap plots of the differences in magnitude 
between consecutive eigenvalues. Spectral analysis has been performed using the set of reads 
covering positions 4-70 (relative to the C45-HHRz RNA device). Eigenvalues are taken from 
the normalized graph Laplacian matrix constructed using 20 reactive adenosine and cytosine 
residues. 
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SUPPLEMENTARY TABLES 
Table S1. The sequences of the clones retrieved from SELEX round 13. Boxes split clones 
with WUCCU motif (in bold) into 3 sets according to sequence similarity in the downstream 
sequence (highlighted in red, blue and green). The affinity of individual clones representative of 
each set (highlighted with the same color) was tested by in vitro binding assays (Figure 1 and 
Figure S1).  
 

Clone Constant 5' Variable Constant 3' 

C58, C18 GGGAGGACGAU
GCGG 

AUCCUUAAA
G 

GACGACUCGCUGAGGAU
CCGAGA 

C25 GGGAGGACGAU
GCGG AUCCUUAAA GACGACUCGCUGAGGAU

CCGAGA 

C77 GGGAGGACGAU
GCGG AUCCUUA GACGACUCGCUGAGGAU

CCGAGA 
C1, C2, 
C50 

GGGAGGACGAU
GCGG AUCCU GACGACUCGCUGAGGAU

CCGAGA 

C34 GGGAGGACGAU
GCGG 

AUCCUAGUA
C 

GACGACUCGCUGAGGAU
CCGAGA 

C73 GGGAGGACGAU
GCGG AUCCUAGUA GACGACUCGCUGAGGAU

CCGAGA 

C65 GGGAGGACGAU
GCGG AUCCUACU GACGACUCGCUGAGGAU

CCGAGA 

C45, C20 GGGAGGACGAU
GCGG 

UUCCUCAUG
UGUU 

GACGACUCGCUGAGGAU
CCGAGA 

C43 GGGAGGACGAU
GCGG 

GAAUUAAUG
AGG 

GACGACUCGCUGAGGAU
CCGAGA 

C3, C31, 
C46 

GGGAGGACGAU
GCGG AAU GACGACUCGCUGAGGAU

CCGAGA 
  
Table S2. Formal concepts and measures used in the analysis of cell sorting and NGS 
data. We present them in the order of deriving each clone’s response to the change between 
carbon sources. The values of the measures of the clones studied in the high-throughput 
screening are stored in Supplementary files. 
 

Concepts used in the analysis of the input and sorted populations 

𝒔 

Sample analyzed by sequencing. In case of the input data, each 
sample corresponds to an experimental replicate and a strain: 𝑠 =
(𝑟, 𝑥), where 𝑟 ∈ {𝑅1,𝑅2} and 𝑥 ∈ {𝑇𝑀6∗,𝑊𝑇}. In case of the 
sorted data, each sample is also defined by a carbon source and a bin 
from which the sample is taken in sorting: 𝑠 = (𝑟, 𝑥, 𝑐, 𝑏), 
where	𝑐 ∈ {𝑀𝑎𝑙, 𝐺𝑙𝑐} and 𝑏 ∈ {𝑏1, 𝑏2, 𝑏3, 𝑏4, 𝑏5, 𝑏6}. 
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𝒏𝒊𝒔 Coverage (number of reads) of the clone 𝑖 in the sample 𝑠 

𝑵𝒔 =o𝒏𝒊𝒔
𝒊

 Total coverage in the sample 𝑠 

𝒇𝒊𝒔 =
𝒏𝒊𝒔

𝑵𝒔 Frequency of the clone 𝑖 in the sample 𝑠 

 

Concepts used in the analysis of the sorted populations only 
 
Further, we focus on a population (𝒓, 𝒙, 𝒄), from which cells were taken in sorting, and use 
𝒃 instead of 𝒔 = (𝒓, 𝒙, 𝒄, 𝒃). 

𝒑𝒃 Fraction of cells taken from the bin 𝑏 in sorting 

𝝋𝒊
𝒃 = 𝒇𝒊𝒃 ∙ 𝒑𝒃 

Probability of the cell both expressing the clone 𝑖 and being taken 
from the bin 𝑏 in sorting 

𝚽𝒊 =o𝝋𝒊
𝒃

𝒃

 Probability of the cell expressing the clone 𝑖 to be sorted, that is, 
reconstructed frequency of the clone 𝑖 in the sorted population 

𝑭𝒊𝒃 =
𝝋𝒊
𝒃

𝚽𝒊
 

Probability of the cell expressing the clone 𝑖 to be sorted from the 
bin 𝑏 rather than from any other bin 

𝒎𝒃 Median GFP/mCherry ratio in the bin 𝑏 

𝝁𝒊
(𝒓,𝒙,𝒄) =o𝒎𝒃

𝒃

∙ 𝑭𝒊𝒃 
Estimated mean value of the GFP/mCherry ratio of the cells 
expressing the clone 𝑖, that is, the readout of the clone 𝑖 potentially 
reflecting FBP concentration (in the condition (𝑟, 𝑥, 𝑐)) 

𝑫𝒊
(𝒓,𝒙) = 𝒍𝒈

𝝁𝒊
(𝒓,𝒙,𝑮𝒍𝒄)

𝝁𝒊
(𝒓,𝒙,𝑴𝒂𝒍) Response of the clone 𝑖 to the change between the carbon sources 
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Table S3. Regular expressions (search patterns) to classify the sequences obtained in 
NGS. The regular expressions were applied using Python’s module regex. Sequence matches 
were allowed to have up to a particular number of errors including insertions, deletions and 
substitutions. The number of allowed errors is specified either for the whole regular expression 
or for its parts in the form of {e<=i}. 
 

 
 
 
 
 
  

Sequence type Regular expression Allowed errors 
Cross-
contamination 
control 

TCCGGTACGTGAGGTCC 1 nucleotide 
(5%) 

Diversity control ACAAACAAAGCTGTCAC[ATGC]{17}GAA
ACAGCAAAAAGAAAAATAAAA 

6 nucleotides 
(10%) 

Potential  C45-
HHRz clone 

(ACAAACAAAGCTGTCAC){e<=i}([ATGC]
{23,})(GAAACAGCAAAAAGAAAAATAAA
A){e<=i}. 
If multiple matches are found, the longest is 
chosen. The middle element [ATGC]{23,} is 
used for further analysis, including the 
identification of the RNA device architecture 
(below). 

Iterating across 
i∈{0,1,2,3,4,5,6} 
until a match is 
found. 

R
N

A
 d

ev
ic

e 
ar

ch
ite

ct
ur

e 

inv-II CGGA[ATGC]{7}TCCGGTCTGATGAGTC
CACTCGCTGAGGATCCGACGGTTCCTC
ATGTGTTGACGAAGGAC 

5 nucleotides (7-
11%) 

C45-II CGGA[ATGC]{7}TCCGGTCTGATGAGAT
CCTCATGTGTTGACGACTCGCTGAGGA
TC 

sh-II CGGA[ATGC]{7}TCCGGTCTGATGACTC
ATGTGTTGACGACTCGCTGA 

inv-I CGGAACTCGCTGAGGATCCGACGGTTC
CTCATGTGTTGACGAATCCGGTCTGAT
GAGTCC[ATGC]{4}GGAC 

C45-I GGATCCTCATGTGTTGACGACTCGCTG
AGGATCCGTCTTGATGAGTCC[ATGC]{4
}GGAC 

sh-I CTCATGTGTTGACGACTCGCTGAGGTC
TGATGAGTCC[ATGC]{4}GGAC 
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Table S4. The frequency of unique occurrences and the fraction regarding the total coverage 
for the sequences failing to match the patterns of the cross-contamination control, diversity 
control and potential C45-HHRz clone as defined in Table S3. The samples are defined in Table 
S2. 

 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 

Statistic All 52 samples 
Median 1.5e-02, 

1.3e-03 
Mean 1.5e-02, 

1.5e-03 
Q1 1.3e-02, 

1.3e-03 
Q3 1.8e-02, 

1.5e-03 

Input sample 
R1,TM6 1.9e-02, 

1.3e-03 
R2,TM6 1.8e-02, 

1.3e-03 
R1,WT 2.1e-02, 

1.2e-03 
R2,WT 2.1e-02, 

1.3e-03 

Sorted sample b1 b2 b3 b4 b5 b6 
R1,TM6,Glc 1.7e-02, 

3.4e-03 
1.1e-02, 
1.4e-03 

1.3e-02, 
1.4e-03 

1.4e-02, 
1.3e-03 

1.9e-02, 
1.3e-03 

1.7e-02, 
3.4e-03 

R1,TM6,Mal 1.4e-02, 
2.7e-03 

1.0e-02, 
1.6e-03 

1.2e-02, 
1.2e-03 

1.3e-02, 
1.3e-03 

1.5e-02, 
1.2e-03 

1.4e-02, 
2.7e-03 

R1,WT,Glc 1.6e-02, 
1.5e-03 

1.0e-02, 
1.3e-03 

1.2e-02, 
1.2e-03 

1.4e-02, 
1.3e-03 

1.7e-02, 
1.2e-03 

1.6e-02, 
1.5e-03 

R1,WT,Mal 1.8e-02, 
1.6e-03 

1.0e-02, 
1.1e-03 

1.3e-02, 
1.3e-03 

1.4e-02, 
1.2e-03 

1.8e-02, 
1.2e-03 

1.8e-02, 
1.6e-03 

R2,TM6,Glc 1.4e-02, 
4.7e-03 

9.8e-03, 
1.3e-03 

1.3e-02, 
1.3e-03 

1.4e-02, 
1.3e-03 

2.0e-02, 
1.3e-03 

1.4e-02, 
4.7e-03 

R2,TM6,Mal 1.3e-02, 
2.4e-03 

1.0e-02, 
1.4e-03 

1.2e-02, 
1.3e-03 

1.4e-02, 
1.3e-03 

1.7e-02, 
1.3e-03 

1.3e-02, 
2.4e-03 

R2,WT,Glc 2.0e-02, 
1.8e-03 

1.0e-02, 
1.3e-03 

1.2e-02, 
1.2e-03 

1.4e-02, 
1.4e-03 

1.9e-02, 
1.3e-03 

2.0e-02, 
1.8e-03 

R2,WT,Mal 2.1e-02, 
2.7e-03 

1.2e-02, 
1.3e-03 

1.3e-02, 
1.2e-03 

1.5e-02, 
1.2e-03 

1.8e-02, 
1.1e-03 

2.1e-02, 
2.7e-03 
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Table S5. Cross-contamination rate measured as the coverage of the sequences containing 
the pattern of cross-contamination control (Table S3) divided by the total coverage in a sample. 
The samples are defined in Table S2. 
 

 
 
 
 
 
 

 
 
Table S6. NGS reads per unique plasmid molecule. The values are derived using the 
statistics of the diversity-control sequences spiked into each sample at the point of the outer 
PCR before sequencing. The diversity-control sequences are identified via the pattern presented 
in Table S3, and the median coverage across these sequences is calculated in each sample. Due 
to the paired-end sequencing, the number of reads is divisible by 2, with the smallest value being 
2. The samples are defined in Table S2. 

 
 
 
 
 
 

 
 

Statistic All 52 samples 
Median 4.2e-06 
Mean 5.0e-05 
Q1 1.1e-06 
Q3 1.0e-05 

Input sample 
R1,TM6 9.9e-06 
R2,TM6 2.7e-05 
R1,WT 5.5e-06 
R2,WT 7.1e-06 

Sorted sample b1 b2 b3 b4 b5 b6 
R1,TM6,Glc 1.4e-04 0 6.6e-06 9.0e-07 8.2e-07 5.3e-05 
R1,TM6,Mal 0 4.5e-06 7.2e-06 3.8e-06 0 3.4e-05 
R1,WT,Glc 0 2.0e-06 2.6e-06 0 3.5e-06 5.5e-05 
R1,WT,Mal 6.3e-06 2.8e-06 4.0e-06 0 2.7e-06 1.1e-05 
R2,TM6,Glc 1.9e-03 6.9e-06 2.4e-06 3.6e-06 1.5e-06 3.2e-05 
R2,TM6,Mal 0 1.1e-06 5.4e-06 0 2.5e-06 9.9e-06 
R2,WT,Glc 1.0e-06 1.5e-05 6.0e-06 5.3e-05 1.4e-05 2.5e-05 
R2,WT,Mal 0 9.2e-07 6.1e-06 2.7e-06 9.2e-06 1.1e-04 

Statistic All 52 samples 
Median 2 
Mean 2.4 
Q1 2 
Q3 2 

Input sample 
R1,TM6 2 
R2,TM6 2 
R1,WT 2 
R2,WT 2 

Sorted sample b1 b2 b3 b4 b5 b6 
R1,TM6,Glc 4 2 2 2 2 4 
R1,TM6,Mal 2 2 2 2 2 2 
R1,WT,Glc 2 2 2 2 2 4 
R1,WT,Mal 2 2 2 2 2 4 
R2,TM6,Glc 4 2 2 2 2 4 
R2,TM6,Mal 2 2 2 2 2 4 
R2,WT,Glc 2 2 2 2 4 4 
R2,WT,Mal 2 2 2 2 2 4 
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Table S7. Oligonucleotides used in this study 
Code Primer ID Sequence (5´- 3') Remarks 

ADO01 T7-C34-F 

ccagaTAATACGACTCACTATA
GGGAGGACGATGCGGATCC
TAGTACGACGACTCGCTGAG
GATCCGAGA 

Template for in vitro transcription 
(binding assays) 

ADO02 T7-C34-R 

TCTCGGATCCTCAGCGAGTC
GTCGTACTAGGATCCGCATC
GTCCTCCCTATAGTGAGTCG
TATTAtctgg 

Template for in vitro transcription 
(binding assays) 

ADO03 T7-
C34mut1-F 

ccagaTAATACGACTCACTATA
GGGAGGACGATGGCCTAGG
ATGTACCAGACGACTCGCTG
AGGATCCGAGA 

Template for in vitro transcription 
(binding assays) 

ADO04 T7-
C34mut1-R 

TCTCGGATCCTCAGCGAGTC
GTCTGGTACATCCTAGGCCA
TCGTCCTCCCTATAGTGAGT
CGTATTAtctgg 

Template for in vitro transcription 
(binding assays) 

ADO05 C45-F 

ccagaTAATACGACTCACTATA
GGGAAAAGGACGATGCGGT
TCCTCATGTGTTGACGACTC
GCTGAGGATCCGAGA 

Template for in vitro transcription 
(binding assays) 

ADO06 C45-R 

TCTCGGATCCTCAGCGAGTC
GTCAACACATGAGGAACCGC
ATCGTCCTTTTCCCTATAGTG
AGTCGTATTAtctgg 

Template for in vitro transcription 
(binding assays) 

ADO07 C45P2-F 
ccagaTAATACGACTCACTATA
GGGAAATCCTCATGTGTTGA
CGACTCGCTGAGGA 

Template for in vitro transcription 
(binding assays) 

ADO08 C45P2-R 
TCCTCAGCGAGTCGTCAACA
CATGAGGATTTCCCTATAGT
GAGTCGTATTAtctgg 

Template for in vitro transcription 
(binding assays) 

ADO09 mutL-2-F 

ccagaTAATACGACTCACTATA
GGGAGGACGATGCGGTTCC
TCATGTGAACTGCTGTCGCT
GAGGATCCGAGA 

Template for in vitro transcription 
(binding assays) 

ADO10 mutL-2-R 

TCTCGGATCCTCAGCGACAG
CAGTTCACATGAGGAACCGC
ATCGTCCTCCCTATAGTGAG
TCGTATTAtctgg 

Template for in vitro transcription 
(binding assays) 

ADO11 mutB-F 

ccagaTAATACGACTCACTATA
GGGAGGACGATGCGGTTCC
TCAGTGTTGACGACTCGCTG
AGGATCCGAGA 

Template for in vitro transcription 
(binding assays) 

ADO12 mutB-R 

TCTCGGATCCTCAGCGAGTC
GTCAACACTGAGGAACCGCA
TCGTCCTCCCTATAGTGAGT
CGTATTAtctgg 

Template for in vitro transcription 
(binding assays) 

ADO13 APT-
pWHE-F 

tccaagctagatctcttaagGGGAGGAC
GATGCGG Cloning C45 into pWHE601 
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ADO14 APT-
pWHE-R 

tcttctcctttgctagccatTTTTTCTCGG
ATCCTCAGCGAGT Cloning C45 into pWHE602 

ADO15 pWHE601-
H2-F atggctagcaaaggagaaga Cloning C45 into pWHE603 

ADO16 pWHE601-
H1-R cttaagagatctagcttggagttga Cloning C45 into pWHE604 

ADO17 SHAPE-
1cas-F 

GGCCTTCGGGCAAGGGAGG
ACGATGCGGTTCC 

Template for in vitro transcription 
(SHAPE) 

ADO18 GFP300-R cacgcgtcttgtagttcccg Template for in vitro transcription 
(SHAPE) 

ADO19 SHAPE-
T7-2cas-F 

CCAGATAATACGACTCACTA
TAGGGCCTTCGGGCAAAAG
GCCTTCGGGCCAAA 

Template for in vitro transcription 
(SHAPE) 

ADO20 GFP200-R ggaaaagcattgaacacc Template for in vitro transcription 
(SHAPE) 

ADO21 SHAPE-T7 CCAGATAATACGACTCACTA
TAGGG 

Template for in vitro transcription 
(SHAPE) 

ADO22 GFP100-R ccgtatgtagcatcaccttcac Primer extension (SHAPE) 

ADO23 HHRz-F 
GACCTAGGAAACAAACAAAG
CTGTCACCGGATGTGCTTTC
CGGTCTGATGAGTCCG 

Cloning sTRSV hammerhead 
ribozyme, positive control in in vivo 
reporter system 

ADO24 HHRz-R 
GGCTCGAGTTTTTATTTTTCT
TTTTGCTGTTTCGTCCTCACG
GACTCATCAGACCGGAAAG 

Cloning sTRSV hammerhead 
ribozyme, positive control in in vivo 
reporter system 

ADO25 HHRz-
CTL 

GACCTAGGAAACAAACAAAG
CtGtCACCGGAtGtGCtttCCGGt
ACGtGAGGtCCGtGAGGACGA
AACAGCAAAAAGAAAAAtAA
AAACTCGAGCC 

Cloning inactive hammerhead 
ribozyme mutant, negative control  
in in vivo reporter system 

ADO26 HHRz-M1 

GACCTAGGAAACAAACAAAG
CtGtCACCGGATATGtCCGGtCt
GAtGAGtCCAGAAGGACGAA
ACAGCAAAAAGAAAAAtAAA
AACTCGAGCC 

Cloning hammerhead ribozyme 
loop mutants, calibration  in in vivo 
reporter system 

ADO27 HHRz-M2 

GACCTAGGAAACAAACAAAG
CtGtCACCGGATGTTtCCGGtCt
GAtGAGtCCACTAGGACGAAA
CAGCAAAAAGAAAAAtAAAA
ACTCGAGCC 

Cloning hammerhead ribozyme 
loop mutants, calibration  in in vivo 
reporter system 

ADO28 HHRz-M3 

GACCTAGGAAACAAACAAAG
CtGtCACCGGATTGTtCCGGtCt
GAtGAGtCCCATAGGACGAAA
CAGCAAAAAGAAAAAtAAAA
ACTCGAGCC 

Cloning hammerhead ribozyme 
loop mutants, calibration  in in vivo 
reporter system 

ADO29 HHRz-M4 

GACCTAGGAAACAAACAAAG
CtGtCACCGGAGGCTtCCGGtC
tGAtGAGtCCAGCTGGACGAA
ACAGCAAAAAGAAAAAtAAA
AACTCGAGCC 

Cloning hammerhead ribozyme 
loop mutants, calibration  in in vivo 
reporter system 
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ADO30 HHRz-M5 

GACCTAGGAAACAAACAAAG
CtGtCACCGGATGCAtCCGGtC
tGAtGAGtCCCGTTGGACGAA
ACAGCAAAAAGAAAAAtAAA
AACTCGAGCC 

Cloning hammerhead ribozyme 
loop mutants, calibration  in in vivo 
reporter system 

ADO31 HHRz-M6 

GACCTAGGAAACAAACAAAG
CtGtCACCGGACAGGtCCGGtC
tGAtGAGtCCAGTTGGACGAA
ACAGCAAAAAGAAAAAtAAA
AACTCGAGCC 

Cloning hammerhead ribozyme 
loop mutants, calibration  in in vivo 
reporter system 

ADO32 HHRz-M7 

GACCTAGGAAACAAACAAAG
CtGtCACCGGATGCAtCCGGtC
tGAtGAGtCCCGCGGGACGAA
ACAGCAAAAAGAAAAAtAAA
AACTCGAGCC 

Cloning hammerhead ribozyme 
loop mutants, calibration  in in vivo 
reporter system 

ADO33 C45_I-F 

GACCTAGGAAACAAACAAAgc
tgtcaCGGATCCTCATGTGTTG
ACGACTCGCTGAGGATCCGT
C 

Cloning C45-HHRz library. 
Receiving stem-loop: stem I; 
randomized loop: stem-loop II; 
aptamer version: C45 

ADO34 C45_I-R 

GGCTCGAGTTTTTATTTTTCT
TTTTgctgtttcgtccNNNNggactcatc
aAGACGGATCCTCAGCGAGT
CGTC 

Cloning C45-HHRz library. 
Receiving stem-loop: stem I; 
randomized loop: stem-loop II; 
aptamer version: C45 

ADO35 C45_II-F 

GACCTAGGAAACAAACAAAgc
tgtcaccggaNNNNNNNtcCGGTC
TGATGAGATCCTCATGTGTT
G 

Cloning C45-HHRz library. 
Receiving stem-loop: stem II; 
randomized loop: stem-loop I; 
aptamer version: C45  

ADO36 C45_II-R 

GGCTCGAGTTTTTATTTTTCT
TTTTgctgtttcGATCCTCAGCGA
GTCGTCAACACATGAGGATC
tcatcagaccg 

Cloning C45-HHRz library. 
Receiving stem-loop: stem II; 
randomized loop: stem-loop I; 
aptamer version: C45  

ADO37 C45inv2-I-
F 

GACCTAGGAAACAAACAAAgc
tgtcaccggaaCTCGCTGAGGATC
CGACGGTTCCTCATGTGTTG
ACGAAtccg 

Cloning C45-HHRz library. 
Receiving stem-loop: stem I; 
randomized loop: stem-loop II; 
aptamer version: inverted C45 

ADO38 C45inv2-I-
R 

GGCTCGAGTTTTTATTTTTCT
TTTTgctgtttcgtccNNNNggactcatc
agaccggaTTCGTCAACACATGA
GGAACCGTC 

Cloning C45-HHRz library. 
Receiving stem-loop: stem I; 
randomized loop: stem-loop II; 
aptamer version: inverted C45 

ADO39 C45inv2-II-
F 

GACCTAGGAAACAAACAAAgc
tgtcaccggaNNNNNNNtccggtctgat
gagtccaCTCGCTGAGGATCCGA
CGGTTCC 

Cloning C45-HHRz library. 
Receiving stem-loop: stem II; 
randomized loop: stem-loop I; 
aptamer version: inverted C45  

ADO40 C45inv2-II-
R 

GGCTCGAGTTTTTATTTTTCT
TTTTgctgtttcgtccTTCGTCAACA
CATGAGGAACCGTCGGATCC
TCAGCGAGtggactc 

Cloning C45-HHRz library. 
Receiving stem-loop: stem II; 
randomized loop: stem-loop I; 
aptamer version: inverted C45  

ADO41 HHRz-
C45sh1-I 

GACCTAGGAAACAAACAAAG
CtGtCaCCTCATGTGTTGACGA
CTCGCTGAGGtCtGAtGAGtCC
NNNNGGACGAAACAGCAAA

Cloning C45-HHRz library. 
Receiving stem-loop: stem I; 
randomized loop: stem-loop II; 
aptamer version: short C45 
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AAGAAAAAtAAAAACTCGAG
CC 

ADO42 HHRz-
C45sh2-II 

GACCTAGGAAACAAACAAAG
CtGtCACCGGANNNNNNNtCC
GGtCtGAtGACTCATGTGTTG
ACGACTCGCTGAGGAAACAG
CAAAAAGAAAAAtAAAAACTC
GAGCC 

Cloning C45-HHRz library. 
Receiving stem-loop: stem II; 
randomized loop: stem-loop I; 
aptamer version: short C45 

ADO43 Lib-HHRz-
F 

GACCTAGGAAACAAACAAAG
CTGTCACC 

Cloning C45-HHRz library and 
hammerhead ribozyme versions. 
Primers for amplification. 

ADO44 Lib-HHRz-
R 

GGCTCGAGTTTTTATTTTTCT
TTTTGC TGTTTCG 

Cloning C45-HHRz library and 
hammerhead ribozyme versions. 
Primers for amplification. 

ADO45 GFP_seq-F CTGCTGCTGGTATTATCCAT
GGTATG 

Cloning C45-HHRz library and 
hammerhead ribozyme versions. 
Primers for sequencing. 

ADO46 ADHt_seq-
R 

CATAAGAAATTCGCTTATTTA
GAAGTGGC 

Cloning C45-HHRz library and 
hammerhead ribozyme versions. 
Primers for sequencing. 

ADO47 Out-Nex1-
HH-F 

CCTAGGAAACAAACAAAGCT
G NGS library. Outer PCR. 

ADO48 Out-Nex1-
HH-R 

CTCGAGTTTTTATTTTTCTTT
TTGCTG NGS library. Outer PCR. 

ADO49 DivC-HHI-
tmp 

CCTAGGAAACAAACAAAgctgtc
acNNNNNNNNNNNNNNNN
NgaaacagcAAAAAGAAAAATAA
AAACTCGAG 

NGS library. Diversity control. 

ADO50 Nex1-
HHsh-F 

TCGTCGGCAGCGTCAGATGT
GTATAAGAGACAGACAAACA
AAGCTGTCAC 

NGS library. Nextera PCR. 

ADO51 Nex1-
HHsh-R 

GTCTCGTGGGCTCGGAGAT
GTGTATAAGAGACAGTTTTA
TTTTTCTTTTTGCTGTTTC 

NGS library. Nextera PCR. 

ADO52 Control-
1_10-F 

GACCTAGGAAACAAACAAAG
CTGTCACCGGATTTCAGTTC
CGGTCTGATGAGTCCACTCG
CTGAGGATCCGACGGTTCC 

Cloning sensor candidates for 
validation.  

ADO53 Control-
1_10-R 

GGCTCGAGTTTTTATTTTTCT
TTTTGCTGTTTCGTCCTTCGT
CAACACATGAGGAACCGTCG
GATCCTCAGCGAGTGGACTC 

Cloning sensor candidates for 
validation.  

ADO54 Hit-1_8-F 

GACCTAGGAAACAAACAAAG
CTGTCACCAGATTTGTGATC
CGGTCTGATGAGTCCACTCG
CTGAGGATCCGACGGTTCC 

Cloning sensor candidates for 
validation.  

ADO55 Hit-1_8-R 

GGCTCGAGTTTTTATTTTTCT
TTTTGCTGTTTCGTCCTTCGT
CAACACATGAGGAACCGTCG
GATCCTCAGCGAGTGGACTC 

Cloning sensor candidates for 
validation.  

ADO56 Hit-2_10-F GACCTAGGAAACAAACAAAG
CTGTCACCGGATTCGTGGTC

Cloning sensor candidates for 
validation.  
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CGGTCTGATGAGTCCACTCG
CTGAGGATCCGACGGTTCC 

ADO57 Hit-2_10-R 

GGCTCGAGTTTTTATTTTTCT
TTTTGCTGTTTCGTCCTTCAT
CAACACATGAGGAACCGTCG
GATCCTCAGCGAGTGGACTC 

Cloning sensor candidates for 
validation.  

ADO58 Hit-2_12 

GACCTAGGAAACAAACAAAG
CTGTACCGGAGGAGGGGTC
CGGTCTGATGACTCCTGTGT
TGACGACTCGCTGAGGAAAC
AGCAAAAAGAAAAATAAAAA
CTCGAGCC 

Cloning sensor candidates for 
validation.  

ADO59 Hit-2_2-F 

GACCTAGGAAACAAACAAAG
CTGTCACGGAGTAAGGCTCC
GGTCTGATGAGATCCTCATG
TGTTG 

Cloning sensor candidates for 
validation.  

ADO60 Hit-2_2-R 

GGCTCGAGTTTTTATTTTTCT
TTTTGCTGTTTCGATCCTCAG
CGAGTCGTCAACACATGAGG
ATCTCATCAGACCG 

Cloning sensor candidates for 
validation.  

ADO61 Hit-2_3-F 

GACCTAGGAAACAAACAAAG
CTGTCACGGAGTATGGCTCC
GGTCTGATGAGATCCTCATG
TGTTG 

Cloning sensor candidates for 
validation.  

ADO62 Hit-2_3-R 

GGCTCGAGTTTTTATTTTTCT
TTTTGCTGTTTCGATCCTCAG
CGAGTCGTCAACACATGAGG
ATCTCATCAGACCG 

Cloning sensor candidates for 
validation.  

ADO63 Hit-2_6-F 

GACCTAGGAAACAAACAAAG
CTGTCACCGGAATAGGAGTC
CGGTCTGATGAGTCCACTTG
CTGAGGATCCGACGGTTCC 

Cloning sensor candidates for 
validation.  

ADO64 Hit-2_6-R 

GGCTCGAGTTTTTATTTTTCT
TTTTGCTGTTTCGTCCTTCGT
CAACACATGAGGAACCGTCG
GATCCTCAGCAAGTGGACTC 

Cloning sensor candidates for 
validation.  

ADO65 Hit-2_7-F 

GACCTAGGAAACAAACAAAG
CTGTCACCGGAATGGGGGT
CCGGTCTGATGAGTCCACTC
GCTGAGGATCCGACGGTTCC 

Cloning sensor candidates for 
validation.  

ADO66 Hit-2_7-R 

GGCTCGAGTTTTTATTTTTCT
TTTTGCTGTTTCAGTCCTTCG
TCAACACATGAGGAACCGTC
GGATCCTCAGCGAGTGGACT
C 

Cloning sensor candidates for 
validation.  

ADO67 Hit-2_8-F 

GACCTAGGAAACAAACAAAG
CTGTCACCGGAATGGGGGT
CCGGTCTGATGAGTCCACTC
GCTGAGGATCCGACGGTTCC 

Cloning sensor candidates for 
validation.  

ADO68 Hit-2_8-R GGCTCGAGTTTTTATTTTTCT
TTTTGCTGTTTCGTACTTCGT

Cloning sensor candidates for 
validation.  
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CAACACATGAGGAACCGTCG
GATCCTCAGCGAGTGGACTC 

ADO69 Hit-3_7 

GACCTAGGAAACAAACAAAG
CTGTACCGGAGGAGGGGTC
CGGTCTGAGGACTCATGTGT
TGACGACTCGCTGAGGAAAC
AGCAAAAAGAAAAATAAAAA
CTCGAGCC 

Cloning sensor candidates for 
validation.  

ADO70 Hit-4_1-F 

GACCTAGGAAACAAACAAAG
CTGTCACGGAGTGGGGTTCC
GGTCTGATGAGATCCTCATG
TGTTG 

Cloning sensor candidates for 
validation.  

ADO71 Hit-4_1-R 

GGCTCGAGTTTTTATTTTTCT
TTTTGCTGTTTCGATCCTCAG
CGAGTCGTCAACACATGAGG
ATCTCATCAGACCG 

Cloning sensor candidates for 
validation.  

ADO72 Mutant-
2_6m-F 

GACCTAGGAAACAAACAAAG
CTGTCACCGGAATAGGAGTC
CGGTCTGATGAGTCCTGTTG
CTGAGGATCCGACGGTTCC 

Cloning sensor candidates for 
validation.  

ADO73 Mutant-
2_6m-R 

GGCTCGAGTTTTTATTTTTCT
TTTTGCTGTTTCGTCCAAGC
AGTTCACATGAGGAACCGTC
GGATCCTCAGCAACAGGACT
C 

Cloning sensor candidates for 
validation.  

ADO74 Mutant 
3_7m 

GACCTAGGAAACAAACAAAG
CTGTACCGGAGGAGGGGTC
CGGTCTGAGGACTCATGTGA
ACTGCTGTCGCTGAGGAAAC
AGCAAAAAGAAAAATAAAAA
CTCGAGCC 

Cloning sensor candidates for 
validation.  

ADO75 Mutant-
4_1m-F 

GACCTAGGAAACAAACAAAG
CTGTCACGGAGTGGGGTTCC
GGTCTGATGAGATCCTCATG
TGAAC 

Cloning sensor candidates for 
validation.  

ADO76 Mutant-
4_1m-R 

GGCTCGAGTTTTTATTTTTCT
TTTTGCTGTTTCGATCCTCAG
CGACAGCAGTTCACATGAGG
ATCTCATCAGACCG 

Cloning sensor candidates for 
validation.  

ADO77 M13-R CAGGAAACAGCTATGACCAT
G 

Sequencing sensor candidates 
clones. 

ADO78 DMS-
MaPseq-F 

TGGTGATGGTCCAGTCTTGT
T 

cDNA amplification for in vivo 
structural probing. 

ADO79 DMS-
MaPseq-R AGAAGTGGCGCGCCCT 

Reverse transcription and cDNA 
amplification for in vivo structural 
probing. 
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SUPPLEMENTARY NOTES 

Supplementary note 1. Analysis of the GFP/mCherry-readout span and 
resolution in the HHRz-controlled in vivo reporter system 

For any sensor or reporter system, the span corresponds to the total range of the 
readout values it can deliver (i.e. difference between the maximum and minimum 
readout values), whereas the resolution is the minimal change that can be detected. To 
define the GFP/mCherry-readout span of the HHRz-regulated reporter system, we 
analyzed a series of mutants in the HHRz sequence. First, we took the wild-type 
sequence of the tobacco ringspot virus (sTRSV) HHRz and an inactive mutant (a 
substitution of the active site) as references of the minimum and maximum readout 
values (corresponding to the maximal and no self-cleaving activity, respectively) (HHRz 
and CTL in Figure S4B-C). Here, we observed that the system exhibits a full-scale 
GFP/mCherry output that spans over two-logs (Figure S4D). Then, since the activity 
of HHRz has been shown to depend on tertiary structure-stabilizing interactions 
between the loops of stem-loops I and II, modifications in the sequence of these loops 
provided a set of mutants displaying intermediate GFP/mCherry levels, thereby 
representing a linear gradation of the readout values yielded by this reporter system 
(M1-M7, Figure S4B, D) [28]. Considering the variable dispersion of single-cell 
distributions of the GFP/mCherry readout along the full scale (different sizes of the 
boxes in Figure S4D), we concluded that the HHRz-controlled in vivo reporter system 
would allow the separation of maximally eight clonal populations on the basis of their 
GFP/mCherry ratios, without significant overlap. 

Supplementary note 2. Defining the screening sequence space within the C45-
HHRz input library 

To get a deep insight into the clonal composition of the C45-HHRz RNA device library, 
we explored the diversity and frequency of the clones by targeted next generation 
sequencing (NGS).  We overlapped the sets of unique sequences found in every sample 
and determined that the number of unique sequences appearing in both biological 
replicates of the same strain and in both strains was 57,985 (Set IX, Figure S6A). This 
number is higher than the maximal number of unique sequences that could theoretically 
exist by design (that is, ∑ 4�'" , with 𝑖 being one of the six strategies to graft C45 into 
HHRz and n being the number of nucleotides within the randomized region: 3 ∙ 4� +
3 ∙ 4� = 49,920). In addition, the C45-HHRz library is a pre-selected subpopulation 
enriched in C45-HHRz RNA devices with a functional HHRz moiety, which 
represented less than 10% of the original Lib-sI and sII collections (Figure 3). 
Therefore, the diversity of the C45-HHRz library would be expected much lower.  

To establish a quality control that allowed us to filter out sequences that do not 
correspond to actual cell clones present in the library, we determined a coverage 
threshold below which sequences would be considered noise and thus not suitable for 
screening. To this aim, we sought to identify artefactual sequences and check their 
coverage. Artifacts could have arisen from sequencing errors and spurious PCR 
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products introduced during NGS library preparation. Sequencing and polymerase error 
rate is a consistent and repetitive source of noise while polymerase errors in initial 
rounds could lead to excessive amplification of particular sequences. However, the 
probability that the same mutation appeared in different samples is very low and, 
consequently, overlapping the sequence repertoire in biological replicates would 
eliminate both sources of noise.  

We transformed our original libraries Lib-sI and sII in the isogenic TM6* and wild-type 
strains,  pre-selected RNA devices with a functional ribozyme, pooled the I and II 
libraries to get a unique C45-HHRz input sample in TM6* and wild-type backgrounds 
that was eventually analyzed by targeted NGS in two independent experiments. The 
overlap of sequences among multiple samples (between biological replicates of the C45-
HHRz library in TM6* and wild-type backgrounds, and between common sets from 
each strain) resulted in different sets of unique sequences (Figure S6A). Sequence 
coverage in non-overlapped sets of sequences was notably skewed to minimally 
represented sequences, where more than 80% of the sequences were covered only by 
two reads (Sets I, II, IV and V; Figure S6B). Conversely, the sequences found in all the 
four samples (2 replicates × 2 strains) are supported by two reads in approximately 20% 
of cases (set IX; Figure S6B). 

The sequences covered by four or more reads in sets VII and VIII correspond to real 
clones present in C45-HHRz libraries exclusively in one strain (Figure S6B). To 
generate the cell libraries, we used the same DNA libraries and collected the same 
number of transformants for both wild-type and TM6* strains, suggesting that slight 
differences in GFP/mCherry ratio might have introduced variability in the enrichment 
of functional C45-HHRz devices (Figure 3E). All in all, this analysis indicates that 
sequences covered by 2 reads mostly correspond to artefacts and, thus, we established 
the coverage threshold of more than two reads in our analysis pipeline. 

By applying the coverage threshold of more than 2 reads in the overlapped set of 
sequences (set IX), we obtained the final set (set X) with the diversity of 28,708 clones 
(Figure S6C), which is likely a fair reflection of the actual clones present in C45-HHRz 
RNA device library cell population and represents the sequence space to be screened 
(Figure 4). Having applied two criteria to select the sequences for analysis (that is, 
multiple sample overlap and sequence coverage threshold), we explain the diversity 
beyond theoretically possible combinations (e.g. sequences with differences in the 
HHRz constant regions) by variations introduced during DNA library preparation prior 
to transformation or by spontaneous mutations in yeast cells.  

Supplementary note 3. Hit selection in the high-throughput screening of C45-
HHRz clones reporting intracellular FBP 

To maximize the likelihood that a sequence observed in NGS represents a clone that 
existed in the cell populations, we consider the sequence in the analysis only if it is 
supported by more than 2 reads in each of the four sorting experiments of TM6* strain 
(2 replicates × 2 carbon sources). As a sorting experiment was followed by NGS in six 
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samples corresponding to the bins of GFP/mCherry ratio, we calculated the total 
coverage of the sequence in these samples and checked whether it is bigger than 2 reads. 
After this pre-selection of sequences in the TM6* strain, we ended up with 15,031 
clones.  

To assess the technical quality of the sorting experiments, we evaluated the preservation 
of the clonal content during sorting and the consistency of the clone response between 
the replicates. We observed a high degree of correlation between the clone frequency 
in the input population and the reconstructed frequency after sorting (Figure S8A). 
Similarly, there is a strong correlation between the replicates regarding the clone readout 
𝜇" potentially reflecting intracellular FBP (Figure S8B). Thus, the clonal content in the 
sorted populations largely reflects that of the input populations, and the clone readout 
reproduces robustly in replicate sorting. 

To identify clones that differentially responded in TM6* cells growing on maltose and 
on glucose, we used the measure 𝐷" (Table S2). We selected clones with the extreme 
values of the measure 𝐷" that are located beyond the segment [𝑄1 − 5 × 𝐼𝑄𝑅, 𝑄3 +
5 × 𝐼𝑄𝑅], where 𝑄1 and 𝑄3 are the lower and upper quartiles, and 𝐼𝑄𝑅 is the 
interquartile range (Figure 5A). To exclude clones that end up in the selection due to 
technical noise, we further shrank the selection to those clones that have the extreme 
values of 𝐷" also in the other replicate sorting experiment. After this screening, we 
arrive to 63 clones distinctly responding in TM6* cells consuming maltose or glucose. 

To check whether the selected clones have similar readouts in the conditions of 
comparable intracellular FBP, we studied the 𝐷" values of the clones expressed in the 
wild-type cells growing on maltose and glucose. We considered a clone not 
distinguishing the carbon sources if its 𝐷" value is located within the 𝐼𝑄𝑅 of the clones 
supported by more than 2 reads in each of the four sorting experiments (Figure 5B).  
To find in the wild-type strain the maximal number of clones that had the extreme 
responses in TM6*, we decrease the required support of these clones to at least 2 reads 
in each of the four sorting experiments. To exclude the technical noise, we look for the 
clones that are within the 𝐼𝑄𝑅 in both replicate sorting experiments of the wild-type 
strain. Thus, we have checked that 11 clones out of the 63 responding to FBP difference 
have identical readouts in the conditions of similar FBP. These 11 clones represent the 
hits of the high-throughput screening. 
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Chapter 5 
Proposals for exploring and exploiting the discovered 

metabolic dynamics and the developed                     
single-cell-level tools 

Vakil Takhaveev 
Molecular Systems Biology, Groningen Biomolecular Sciences and Biotechnology Institute,       

University of Groningen, Nijenborgh 4, 9747 AG Groningen, The Netherlands 

 

THESIS SUMMARY 

In this thesis, we aimed to identify the cause of the metabolic oscillations in single cells 
of the eukaryotic model organism Saccharomyces cerevisiae, and to establish previously 
reported methods as well as to develop novel tools that can probe the temporal 
dynamics of metabolism in single cells. In Chapter 2, with the help of a novel single-
cell-level dynamic perturbation method and state-of-the-art metabolic modelling, we 
provided a detailed description of various metabolic activities of yeast with respect to 
cell-cycle phase. Expanding our understanding of the metabolic oscillations, we 
discovered that a partial temporal segregation among major biosynthetic processes 
exists during the cell cycle (Figure 1A), and leads to changes in the fluxes of the core 
metabolism. In Chapter 3, with the motivation to describe the core metabolic dynamics 
in more detail, we introduced in yeast a pyruvate FRET-sensor that had been 
successfully used in animal cells. After extensive tests in single yeast cells, we found that 
the sensor does not report pyruvate and revealed an artefact confounding the readout 
in the cell-cycle context, which should be considered while working with other FRET-
sensors. In Chapter 4, we developed from scratch an RNA-based biosensor for the 
primary metabolite fructose-1,6-bisphosphate (Figure 1B), for which we employed in 
vitro aptamer selection, RNA-device rational design and in vivo high-throughput 
screening. Knowing the flux-signalling property of fructose-1,6-bisphosphate, we tested 
if the developed RNA-based biosensor also reports glycolytic flux and confirmed it by 
exploiting natural intercellular heterogeneity and pharmacological perturbation of 
glycolysis. 
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Figure 1. Major findings of this thesis. A. Biosynthetic processes are partially temporally 
segregated during the cell cycle. The curves denote single-cell-averaged biosynthetic activities 
identified with the perturbation-based method (Chapter 2). The timing of G1 and S/G2/M 
reflects the average cell cycle in the three experiments in which the biosynthetic activities where 
measured. ME stands for mitotic exit. B. The ab initio developed RNA-based biosensor 2_6 
reports intracellular fructose-1,6-bisphosphate (FBP) concentration (Chapter 4). HHRz stands 
for hammerhead ribozyme, whereas C45 is the in vitro selected aptamer for FBP. The red arrow 
visualises the ribozyme’s self-cleaving activity. The low and high FBP correspond to the TM6* 
yeast strain growing on glucose and maltose, respectively. 

 

Here, we propose avenues for future exploration and exploitation of selected results 
generated in this thesis research. We present detailed ideas regarding both major 
findings and side observations. At the end, we position our work in a broader scientific 
perspective. 

AVENUES FOR FUTURE RESEARCH 
Looking for mechanistic determinants of the discovered dynamics in 
biosynthetic processes 
One of the most compelling questions is what causes the discovered temporal 
segregation among major biosynthetic processes, or, more precisely, what determines 
the major biosynthetic activities change over time in the discovered manner. 

With two independent methods, we found that the activity of protein biosynthesis 
peaks twice per cell cycle, namely, in early G1 (around START) and in the middle of 
S/G2/M (Chapter 2, Figures 3A, B, D). Nevertheless, existing knowledge suggests that 
ribosome biogenesis and production of proteins involved in translation happens 
primarily in G1. Specifically, according to previous studies focused on glucose-limited 
synchronised chemostat cultures [1] and on high-glucose-grown elutriated cultures [2], 
transcription of genes encoding ribosomal proteins and proteins associated with 
translation is upregulated in G1 but not in S/G2/M. Besides, the recent finding that 
the production rate of GFP controlled by the pTEF1 promoter peaks only in G1 [3] 
also indicates that the translation elongation factor EF-1 alpha, from whose gene this 
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promoter was borrowed, and the translational machinery at large are produced primarily 
in G1. The question therefore appears: what does determine the two-wave behaviour 
of protein biosynthesis activity during the cell cycle, despite probably one-wave activity 
dynamics in the biogenesis of ribosomes and translational machinery? 

We conjecture that, after ribosomes and translational machinery are made in G1, they 
could be partially inhibited during the cell cycle, specifically, in the S phase and at 
karyokinesis, when we observe decreased protein biosynthesis activity (Chapter 2, 
Figures 3A, B, D). In a recent study, it has been found that ~8% of the budding yeast 
proteome corresponds to inactive ribosomes, with this fraction being constant across 
various growth rates [4]. Since that study was performed on the populations of cell-
cycle-asynchronous cells, its conclusion could be interpreted in the way that ribosomes 
are inactivated during ~8% of the cell cycle, or a fraction of ribosomes is inactivated 
during a bigger part of the cell cycle, which does not contradict our conjecture of 
ribosome inactivation in the S phase and at karyokinesis. To test this conjecture, one 
could measure the fraction of ribosomes not bound to mRNA in the material of 
elutriated yeast-cell samples corresponding to different cell-cycle phases. If inactivation 
of ribosomes proves to be indeed cell-cycle-dependent, it would be attractive to 
investigate its molecular basis. In bacteria exposed to stress, ribosomes are inactivated, 
or hibernate, due to the formation of dimers [5]. Recently, a new mechanism for 
ribosome hibernation was described whose key protein factors were found widespread 
across diverse branches of bacteria [6], therefore, one may suppose that in eukaryotes 
there is a homologous/analogous process as well. To check if ribosomes dimerize in 
particular cell-cycle phases, one could assess the fraction of ribosome dimers (or also 
other ribosome aggregates) with the help of differential centrifugation and cryo-EM in 
the material of elutriated yeast-cell samples.  
Aside from inactivation of some ribosomes, to explain the two-wave behaviour of 
protein biosynthesis activity, we could conjecture that the translation rate of all 
ribosomes decreases in the S phase and at karyokinesis. One could test it by applying 
the pulsed stable-isotope labelling of amino acids, mass spectrometry and ribosome 
profiling in elutriated yeast-cell samples, as was recently done in cell-cycle-asynchronous 
populations [7]. 

Besides understanding how ribosomes mechanistically determine this peculiar two-
wave behaviour of protein biosynthesis, it is also interesting to disclose what upstream 
regulation is responsible for it, as well as for the identified dynamics of lipid and 
polysaccharide biosynthesis. The discovered partial temporal segregation among 
different biosynthetic processes offers the idea that some of these processes may 
negatively regulate each other. Specifically, in G1, protein biosynthesis has a high 
activity while lipid and polysaccharide biosynthesis reaches its lowest activity; in S, 
protein biosynthesis drops while lipid and polysaccharide biosynthesis starts to intensify 
(Chapter 2, Figures 3A, B, D, E, G). To gain more evidence for the negative regulation, 
one could inhibit protein biosynthesis and determine if the rate of lipid and 
polysaccharide biosynthesis increases, and vice versa. If the negative regulation exists, 
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one would be curious to investigate its mechanism, whether it is based on competition 
for resources from the core metabolism, exemplified by [8], or on signalling that 
employs precursors of the mutually exclusive biosynthetic processes. Acetyl-CoA could 
be such a signalling precursor since it appears as a gauge of the cell’s metabolic state 
and activates gene expression by being utilized in histone acetylation [9]. Admittedly, 
the idea about the existence of the negative regulation between the biosynthetic 
processes is challenged by the fact that all of them have a high activity simultaneously 
in the middle of S/G2/M, as was found in this thesis. 

We observed a tight coupling between lipid and polysaccharide biosynthetic processes 
throughout the cell cycle, likely motivated by the necessity to mutually contribute to the 
cell-surface expansion (Chapter 2, Figures 3E-G). Such a synchrony between the 
biosynthetic processes indicates that there is a common regulator controlling both of 
them or there is a positive feedback between the processes. The latter idea is supported 
by two previous reports combined. First, it was found that the deletion of the fatty acid 
elongase Elo2 causes the accumulation of a sphingolipid precursor and its derivative 
that inhibit 1,3-beta-glucan synthase important for the cell-wall construction [10]. 
Second, Elo2 transcription rate was reported to drop in G1 [2], when we also observed 
the slowest lipid biosynthesis. Therefore, a low expression of Elo2 in G1 may cause an 
increase in the level of sphingolipids that inhibit 1,3-beta-glucan production, 
contributing to the coupling of lipid and cell-wall polysaccharide biosyntheses. To test 
this idea, one could perform lipidomics analysis of cell-cycle elutriated yeast and assess 
the dynamics of sphingolipids during the cell cycle. 

We found that the lipid biosynthesis activity and cell-surface-area expansion rate have 
similar dynamics during the cell cycle, dropping in G1 and peaking in S/G2/M, when 
the daughter cell grows (Chapter 2, Figures 3E-F, 4A). Nevertheless, in G1, lipid 
biosynthesis virtually does not happen whereas cell-surface area still expands at a non-
zero rate. This observation prompted us to ask where the lipids needed for the plasma 
membrane expansion may originate from. One can suggest that in G1 internal 
membranes may be donated to the plasma membrane. Alternatively, lipid droplets, 
made in S/G2/M when lipid biosynthesis peaks, may be mobilised in G1 to contribute 
to the cell-surface-area expansion. Indeed, in fission yeast, it was observed that de novo 
formation of lipid droplets containing neutral triacylglycerols intensifies throughout G2 
[11]. Furthermore, in S. cerevisiae, there is evidence that lipid droplets are mobilized in 
G1 as the elimination of major triacylglycerol lipases delays bud formation (associated 
with G1/S transition) [12]. To investigate the idea of lipid-droplet mobilisation for 
plasma-membrane expansion in the absence of lipid biosynthesis in G1, one could 
measure the number and size of lipid droplets during the cell cycle, applying a 
hydrophobic fluorescent dye. If the number and size of lipid droplets prove indeed to 
increase in S/G2/M and decrease in G1, the question would remain: why would the 
cell use lipid droplets produced in S/G2/M to donate material for the plasma 
membrane in G1 instead of synthesising necessary lipids in a timely fashion in G1? 
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Actually, the potential negative feedback regulation from protein biosynthesis peaking 
in G1 could play the role of prohibiting lipid biosynthesis to happen. 

Exploiting temporal segregation of metabolism in biotechnology and infection 
treatment 
In an industrial application, to increase the yield and production rate of a desired 
compound synthesized by yeast, one could halt the population of cells in a particular 
cell-cycle phase associated with the highest flux of this compound, or perhaps prolong 
this phase relative to others so that overall population efficiency increases. For example, 
if a lipid is the desired product of a yeast cell factory, one should arrest the whole 
population of cells in S/G2/M, for which we discovered the highest lipid biosynthesis 
activity. On the contrary, if the yeast cell factory is used for ethanol production, one 
should arrest the cells in G1 or prolong this phase since, according to this thesis, the 
glucose uptake, and glycolytic flux, are high in G1. 

The phenomenon that different metabolic activities are allocated to certain cell-cycle 
phases, visualised in this work, could be considered while tackling infectious deceases 
caused by unicellular pathogens. If a medication designed to disrupt a particular 
metabolic process essential for a pathogen is given to it during the cell-cycle phase when 
this process is not active, then the pathogen will not be strongly affected and will have 
time to adapt before the targeted metabolic process is activated fully. Therefore, one 
could envision this as a contributor to the resistance against the medication, e.g. an 
antibiotic. If it is the case, a combination of drugs targeting metabolic processes peaking 
in different cell-cycle phases could be more effective in eradicating unicellular 
pathogens. 

Exploring temporal segregation among biosynthetic processes in the absence 
of cell cycle 
In this thesis, we described a dynamical system of biosynthetic activities partially 
segregated in time and causing the oscillations in the core metabolism during the cell 
cycle. One could envision that this system of biosynthetic processes is autonomous 
from the cell cycle, i.e. able to reproduce itself even beyond normal cell-cycle 
progression. As a clue to this idea, metabolic oscillations manifested in NAD(P)H, ATP 
and flavin dynamics have been recently discovered persisting when the cell cycle is 
arrested [13,14]. Remarkably, however, we did not observe the NAD(P)H oscillations 
in cell-cycle-arrested cells when either protein, lipid or polysaccharide biosynthesis was 
inhibited (Chapter 2, Figures S8A-C). To test the idea of the autonomy of the 
biosynthetic processes from the cell cycle, one should exploit the dynamic-perturbation 
method developed in this work, assess fluorescent-protein production rate and measure 
the cell-surface-area expansion rate in non-dividing cells, in order to decipher the 
temporal dynamics of the biosynthetic processes in them. Furthermore, one should also 
provide evidence for the existence of negative and positive feedbacks between the 
biosynthetic processes, as was mentioned above. 
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Investigating whether the biosynthetic processes are autonomous from the cell cycle is 
important not only for the future identification of mechanisms of how metabolism 
controls cell cycle. It would also contribute to understanding the physiology of non-
dividing cells at large and terminally differentiated cells in particular which represent the 
majority of cells in human body. 

Checking the coupling between histone production and DNA biosynthesis 
We monitored the abundance of the histone core protein Hta2 fused with RFP during 
the cell cycle (Chapter 2, Figures S4B). We observed that the Hta2 abundance increased 
in G1 when DNA content is expected to be constant. On the contrary, in the beginning 
of S/G2/M (right after budding) when DNA replication is expected to start, the Hta2 
abundance was found plateauing. This lack of coupling between the histone and DNA 
amount suggests changes in chromatin condensation during the cell cycle, which could 
in turn influence gene expression. Nevertheless, in a recent study, it was shown that the 
abundance of another histone core protein, Htb2, fused with sfGFP stays constant in 
G1 and linearly increases around budding [15]. It is interesting to investigate if the two 
core proteins of histones, Hta2 and Htb2, indeed have different expression dynamics 
during the cell cycle. One, however, should admit that the discrepancy between the 
current and previously reported works could be caused by the application of different 
methods. 

Utilizing an in vivo system to develop novel pyruvate sensors 
In Chapter 3, we measured intracellular pyruvate concentration in yeast experiencing 
various metabolic conditions. Specifically, we determined conditions in which 
intracellular pyruvate level differs more than 10 fold (Chapter 3, Figure 1A). Yeast in 
these conditions could be used as an in vivo system to develop new pyruvate sensors, 
for example, with the approach presented in Chapter 4. 

Applying the developed RNA-based biosensors of glycolytic flux in 
biotechnology 
High glycolytic flux is a prerequisite for an efficient production of diverse compounds 
generated by cell factories. Therefore, the developed RNA-based biosensors of 
glycolytic flux (Chapter 4) could be employed in the selection of high-producing cells if 
assisted by fluorescence-activated cell sorting. Besides, one could use the RNA devices 
underlying our biosensors to develop strains with high glycolytic flux via directed 
evolution. Specifically, for negative selection, the RNA device 2_6 could be imbedded 
into an mRNA encoding a protein killing the cell, which, under slow glycolysis, will 
result in the increased stability of this mRNA and elevated expression of the protein 
removing the corresponding genotype from population. Conversely, for positive 
selection, the RNA device 4_1 could be integrated into an mRNA expressing a protein 
accelerating the cell growth rate; consequently, under a higher glycolytic flux, the 
corresponding cell would divide much faster. Furthermore, the negative feedback 
between the glycolytic flux and mRNA stability implemented in the RNA device 2_6 
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could be used to increase the expression of glucose transporters and glycolytic enzymes 
in single cells that stochastically became low-producing. 

Upgrading the RNA-based biosensors of glycolytic flux 
To better describe metabolic heterogeneity among cells in one population, mutagenesis 
of the developed biosensors 4_1 and 2_6 is required in order to increase the magnitude 
of their response to changes in the glycolytic flux. 

Besides, the reporting system of the sensors should be changed to make them more 
suitable for tracing the glycolytic flux dynamically in single cells. In more detail, the 
output of the ligand binding in our biosensors is a particular degree of mRNA stability 
and hence a particular rate of GFP expression from this mRNA. The biosensors’ 
current readout is the ratio between the signals, i.e. levels, of GFP, whose expression 
rate is controlled by the ligand, and RFP, whose expression rate is controlled only by 
the global protein biosynthesis activity. In steady-state, using the levels of the 
fluorescent proteins to calculate the readout is the same as using their expression rates, 
which is the true output of the biosensors. Beyond steady-state, however, the level of a 
protein is not a proxy for its transient expression rate but describes the total amount 
produced so far. To measure glycolysis continuously in a single cell with the current 
biosensors, we need to obtain the rates of GFP and RFP production, which involves 
calculating the first and second derivatives of the fluorescent signals and cell volume, 
generating a lot of noise. The problem with calculating a correct readout becomes even 
bigger given limited knowledge of GFP and RFP maturation kinetics in studied 
conditions (besides, maturation parameters may also change in the temporally changing 
metabolic conditions, e.g. during the cell cycle). To overcome this drawback, one should 
abandon protein expression as a reporting system. Instead, one could imbed the FBP-
sensing RNA-device of one of the current sensors into an RNA having also binding 
sites for fluorescent proteins, which could transduce the ligand binding to a change of 
the FRET efficiency between the fluorescent proteins. We acknowledge, nevertheless, 
that FRET-sensors are prone to other artefacts in dynamically changing environments, 
as we observed in the example of the pyruvate sensor in Chapter 3. 

An attractive application of the developed glycolytic biosensors is introducing them in 
mammalian cells, which could pave an avenue for their employment in cancer research 
and diagnostics.  

 

 

 

 

 

 

 



 204 

CONCLUDING REMARKS 

The uncovered temporal segregation among biosynthetic processes in combination 
with the previously reported autonomy of the metabolic oscillations from the cell cycle 
[13] tempts us to speculate that the eukaryotic cell might be able to orchestrate the 
essential function of synthesizing itself even without cell-cycle machinery. Could it be 
that metabolism had already been capable of governing growth and reproduction of the 
cell in early evolution before an ancestor of the modern cyclin/cyclin-dependent kinase 
(CDK) machinery appeared (metabolism as a non-CDK controller [16])? Will we be 
able to create a synthetic cell that grows and replicates itself without a cell-cycle 
machinery but relies in this regard only on metabolism? Further research is needed to 
answer these exciting questions. 

The engineered RNA-based biosensor for glycolytic flux makes it possible to read the 
functional output of the principal metabolic pathway in real time in single cells. This 
signifies the beginning of the time when we will be able to know at any moment how 
fast each flux is running in a particular cell (e.g. every cell of our body), which would 
give a comprehensive picture of life as a dynamic characteristic. 
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Nederlandse samenvatting 
Vertaling: Hanna M. Terpstra 

Onze onderzoeksgroep heeft recentelijk metabole oscillaties in de tijdspanne van één 
tot enkele uren ontdekt in individuele cellen van Saccharomyces cerevisiae, een eukaryoot 
modelorganisme. Deze oscillaties zijn waargenomen voor NAD(P)H en ATP en 
vinden plaats in synchronie met, maar toch onafhankelijk van de celcyclus. Het doel 
van dit proefschrift is 1) het vaststellen van de onderliggende oorzaak van deze 
metabole oscillaties in afzonderlijke S. cerevisiae-cellen, alsmede 2) het valideren van 
eerder beschreven methoden en het ontwikkelen van nieuwe technieken om de 
temporele dynamica van het metabolisme van S. cerevisiae te onderzoeken op het 
niveau van individuele cellen.  

In Hoofdstuk 2 hebben wij onderzocht wat de metabole oscillaties veroorzaakt. 
Allereerst hebben we experimenteel aangetoond dat het vermoeden dat metabole 
oscillaties voortkomen uit stofwisseling van opgeslagen koolhydraten of uit respiratie 
onjuist is. Vervolgens stelden we de hypothese op dat de metabole oscillaties 
veroorzaakt worden door temporele scheiding tussen de synthese van de voornaamste 
componenten van biomassa, zoals eiwitten, lipiden en koolhydraten. Hierdoor 
verandert de vraag naar specifieke precursors, wat leidt tot een herordening van de 
fluxen in het centraal koolstof- en energiemetabolisme. Door gebruik te maken van 
microfluïdica en het dynamisch meten van NAD(P)H in individuele cellen, hebben we 
een nieuwe, op verstoringen gebaseerde methode ontwikkeld om de metabole 
activiteit van deze cellen te meten. Op basis van deze en andere, onafhankelijke 
technieken hebben we ontdekt dat er twee activiteitsgolven van eiwitsynthese zijn per 
celcyclus. Dit weerspreekt het momenteel heersende inzicht. Lipide- en 
polysaccharidesynthese pieken daarentegen eenmaal per celcyclus. De 
biosyntheseactiviteit van deze componenten neemt af ten tijde van de eerste piek in 
eiwitsyntheseactiviteit, en bereikt een maximum tijdens de tweede piek. Bovendien 
hebben we aangetoond dat groei, dat wil zeggen toename in omvang van de cel, niet 
strikt gekoppeld is aan eiwitsyntheseactiviteit gedurende de celcyclus. Groei wordt 
waarschijnlijk beperkt door de dynamica van lipide- en polysaccharidesynthese. 

Wij hebben de relatieve, eenheidsloze biosynthesesnelheden, bepaald via onze op 
verstoring gebaseerde methoden, omgezet in fundamentele, absolute eenheden. 
Hiervoor hebben we gebruik gemaakt van een nieuw wiskundig model dat de 
dynamica van celmassa en haar samenstelling gedurende de celcyclus beschrijft. Door 
de absolute biosynthesesnelheden te introduceren in een uiterst geavanceerd 
thermodynamisch-stoichiometrisch model van het metabolisme van gist, hebben we 
de dynamische fluxverdeling van het centraal koolstof- en energiemetabolisme 
gedurende de celcyclus afgeleid. Om deze fluxverdeling te verifiëren, hebben we 
experimenteel aangetoond dat de opnamesnelheid van glucose verandert gedurende 
de celcyclus en piekt rond het slot van de mitose.  
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In dit hoofdstuk hebben we dus aangetoond dat de biosynthese van verschillende 
biomassacomponenten inderdaad gescheiden is in de tijd, wat zorgt voor dynamische 
veranderingen in het centrale metabolisme. Zo hebben we onze kennis over de 
metabole oscillaties en hun oorsprong verdiept. Bovendien geven wij het eerste 
grootschalige overzicht van fluxveranderingen in het metabolisme gedurende de 
celcyclus, zowel voor de belangrijkste biosyntheseprocessen als de kern van het 
cellulair metabolisme.  

In Hoofdstuk 3 streefden we ernaar om een FRET (Förster Resonance Energy Transfer) -
sensor voor pyruvaat te introduceren en valideren in gist. Deze sensor is meermaals 
met succes toegepast in dierlijke cellen en was daarom een veelbelovend middel om 
de dynamica van pyruvaat te volgen ten opzichte van de metabole oscillaties. Pyruvaat 
is een metaboliet die zich bevindt op het snijpunt van talrijke metabole routes en die 
mogelijk fluxen stuurt. Een sensor voor pyruvaat in gist zou daarom een groot goed 
zijn voor zowel fundamenteel onderzoek naar metabolisme en de celcyclus, als de 
biotechnologie, die veel gebruikmaakt van gist als productieorganisme voor relevante 
moleculen. We hebben een codongeoptimaliseerde versie van de FRET-sensor tot 
expressie gebracht in S. cerevisiae en hebben deze getest in time-lapse 
fluorescentiemicroscopie-experimenten waarbij het metabolisme dynamisch werd 
verstoord. Hoewel we waarnamen dat de sensor een ander signaal geeft na diverse 
wisselingen van koolstofbron, geeft de sensor de verwachte veranderingen na gerichte 
verstoring van het pyruvaatmetabolisme niet waarachtig weer. Een onafhankelijke 
enzymassay doet dit echter wel. Verrassend genoeg geeft de FRET-sensor, die niet 
reageert op pyruvaat, wel een oscillerend signaal gedurende de celcyclus. Dit kan een 
artefact zijn, dat mogelijk ook voorkomt bij andere FRET-sensoren die gebruikt 
worden in de context van het celcyclusonderzoek. 

In Hoofdstuk 4 hebben we ab initio een synthetische sensor op basis van RNA 
ontwikkeld voor fructose-1,6-bisfosfaat (FBP); met deze sensor kunnen we de flux 
door de glycolyse meten. We hebben een grootschalige bibliotheek van fusies van een 
in vitro geselecteerd FBP-bindend aptamer en een hammerhead ribozyme opgebouwd en 
deze RNA-moleculen zijn tot expressie gebracht in gistcellen. Deze gistcellen zijn 
gecultiveerd onder verschillende omstandigheden met uiteenlopende intracellulaire 
FBP-concentraties. De sensoren die reageerden op verschillen in de FBP-concentratie 
zijn vervolgens in vivo getest in een high-throughput screening. In deze screening hebben 
we grote hoeveelheden FACS- (fluorescence-activated cell sorting) en NGS- (next generation 
sequencing) data geanalyseerd en zodoende enkele kandidaat-FBP-sensoren 
geïdentificeerd. Deze zijn vervolgens individueel getest, waarbij we hebben bevestigd 
dat het afgegeven signaal voor bijna alle kandidaten verandert tegelijk met de 
intracellulaire FBP-concentratie. Interessant genoeg werd zowel positieve als negatieve 
correlatie gevonden tussen de FBP-concentratie en het door de sensoren afgegeven 
signaal. Dit wijst erop dat verschillende RNA-moleculen de FBP-concentratie op een 
andere wijze weergeven. Nadat we de FBP-bindingsplaats van twee van de sensoren 
muteerden, correleerde het gemeten signaal niet langer met de FBP-concentratie. 
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Hierdoor kunnen we concluderen dat we twee FBP-sensoren ontwikkeld hebben. 
Door gebruik te maken van fluorescentiemicroscopie in combinatie met microfluïdica, 
hebben we gevonden dat één van de FBP-sensoren ook de glycolytische flux 
rapporteert. Deze sensor laat namelijk onderscheid zien tussen langzaam en niet-
delende cellen. Daarnaast verandert het signaal van de sensor na toevoeging van een 
inhibitor van de glycolyse. 

In Hoofdstuk 5 beschrijven wij welk onderzoek, voortbouwend op de kennis uit dit 
proefschrift, gedaan moet worden. Daarnaast behandelen we toepassingen van in dit 
proefschrift gegenereerde kennis om in de toekomst na te streven.  
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very glad to see us. I greatly enjoy your company, you bring peace to my mind (Baikal 
effect). Thanks a lot for your kindness and friendship!  

Ирочка, a.k.a. Irina Garanina, and Оля, a.k.a. Olga Shadrina, it is pleasant to 
realize that I have such funny, intelligent and sarcastic friends like you, with whom we 
shared so much of our university years; I love you both. 

 

 
                                                             
8 I am immensely grateful to my granny Antonida Georgieva for her limitless love and care. My interest 
in natural sciences, literature and philosophizing originated from numerous conversations that I had with 
granny during my wonderful childhood. I want to thank her especially for teaching me how to think in an 
analytical way. Thanks to granny’s geometry lessons, I get a huge pleasure from formal logic. My 
intellectual and emotional development were largely determined by the talent of granny. 
9 Papa, Akhmat Takhaveev, thanks for your support and stimulating me to achieve more (although this 
stimulating is caused by your Tatar vanity – but vanity, in the end, rotates the Earth around its axis). It is 
amazing that two of us can discuss politics, history and religion. 
10 My beautiful Garaevs: mother-in-law Marina, father-in-law Almaz and brother-in-law Ildar – you are 
very interesting and cute people, I am very glad that you appeared in my life. Almaz, your crazy example 
inspires me to believe in myself and to start new things. Ildar, thanks that in all these years of me living 
abroad you’ve been enlightening me regarding everything related to modern Russian-speaking youth 
culture. Without you, I would have become a boring emigrant who is culturally frozen in the past, which 
scares me a lot. 
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Дорогая и любимая моя Алисочка, a.k.a. Alisa “Diamond” Garaeva, I don’t see 
my life without you – you witnessed how everything around me broke apart when you 
left me for conferences or internships. Without you, I would have gone mad, become 
very sad and miserable. I like your sincerity, natural happiness, passion, and the fact 
that you are full of all kinds of emotions and feelings – they make our life exciting and 
rich. You are very beautiful, and it makes every day of my life worth living already in 
the first moments of the morning when I delight in seeing you. Thanks for supporting 
and inspiring me! Your believing in me is priceless. I admire your hard work and 
desire to develop. I think we will make it to become if not Eurovision winners then 
certainly at least presidents and Nobel Prize laureates. Я очень тебя люблю. 
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