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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 
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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 
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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 



 57 

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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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. 

 

 

 

 

 

 

 

 

 

 

 

 

 

< Figure S6 



 64 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

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 
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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 
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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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