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Abstract

Advances in our ability to zoom in on single cells have revealed
striking heterogeneity within isogenic populations. Attention
has so far focussed predominantly on underlying stochastic
variability in regulatory pathways and downstream differentia-
tion events. In contrast, the role of stochasticity in metabolic
processes and networks has long remained unaddressed.
Here we review recent studies that have begun to overcome
key technical challenges in addressing this issue. First findings
have already demonstrated that metabolic networks are sto-
chastic in nature, and highlight the plethora of cellular pro-
cesses that are critically affected by it.
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Stochasticity and metabolism

Elucidating the role of molecular stochasticity in
metabolic processes is a central issue in cellular physi-
ology. It is key to understanding cellular homeostasis,
and could help explaining heterogencous phenotypes
ubiquitously observed across all domains of life, ranging
from persistence to cancer [1,2]. Stochasticity in
metabolism could underlie bet-hedging strategies, in
which distinct sub-populations anticipate future envi-
ronmental change [3,4]. On the other hand, metabolic
stochasticity could limit optimal growth and require
regulatory mechanisms to ensure homeostasis [5]. More
generally, as metabolism ultimately drives all cellular

processes, fluctuations and instability could impact a
myriad of phenomena ranging from the cell cycle to
differentiation events. So far however, stochastic vari-
ability is commonly considered to have negligible effects
in metabolic networks, as reflected by current theoret-
ical models [6]. Indeed, metabolic fluctuations may be
insignificant because of averaging over the many reac-
tion events underlying metabolism in cells, chemical
equilibration, metabolite secretion, or a lack of limiting
steps within metabolic pathways [6—13].

At the practical level, quantifying any type of metabolic
fluctuations comes with its own specific challenges. In
contrast to regulatory proteins within signaling net-
works, which can be tagged fluorescently, metabolites
are difficult to visualize at the single-cell level. Metab-
olites can be quantified by single-cell mass spectrometry
[14], but so far not dynamically in time. Spectroscopic
methods can follow metabolite abundance in time, but
only for specific highly abundant molecules such as
lipids [15]. FRET and fluorescent sensors hold a lot of
promise, but remain limited to some metabolites and
cannot yet quantify stochastic fluctuations [16—20].

Recently, important progress has been made in devel-
oping novel approaches that circumvent these limitations.
In this review, we will examine these new efforts, their
first findings, as well as related theoretical modeling. We
will also cover recent work that is addressing the impact
metabolic variability has on other cellular phenomena.

Enzyme expression generates metabolic
noise

Early single-cell experiments showed how the expres-
sion of transcription factors fluctuate and propagate to
downstream genes [21—23]. Similarly, such expression
noise in key metabolic enzymes could generate varia-
tions in the flux of the reaction they catalyze, even if
reaction-event noise averages out [24]. Moreover, if
these flux variations propagate down-stream along the
pathway, they could produce variations in the rate of
cellular growth. A recent study by Kiviet et al. [25] was
based on this premise. While such an approach presents
the challenge of quantifying enzyme expression and
cellular growth with high accuracy, it avoids the need to
measure fluctuations in metabolite concentrations.

Growth was quantified by following the size of individ-
ual cells by time-lapse microscopy. Specifically, using the
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known overall shape of Escherichia coli — a rod capped
with half-domes — its length could be determined to
below the diffraction limit, which may be compared to
how fluorophores are positioned in super-resolution
microscopy [25]. Currently, a range of different single-
cell image analysis approaches are available [26—33],
including ones utilizing machine learning [34—36].
Cellular growth has also been quantified by measuring
cellular dry mass [37], and by using AFM-like cantile-
vers [38], as will be discussed more exhaustively below.

The data on the instantaneous cellular growth rate
appeared correlated with the expression of metabolic
enzymes [25]. However, such correlations could signal
that growth fluctuations perturb expression, rather than
the other way around. Time dependent correlation
analysis can be used to address this issue [21,22]
(Figure 1). This approach showed that the correlations
were on average stronger after a certain delay, consistent
with enzyme production fluctuations happening first,
and growth fluctuations happening some time later

Figure 1

(Figure 1a). In line with the idea that enzyme
(expression) fluctuations affect the flux of the reaction
they catalyze, this delay was observed only for genes that
were considered limiting, such as g/#z4 and u«d in acetate
media, and pf#A4 and #d in lactose media.

Interestingly, even when considering non-limiting
genes, the expression rate was still strongly correlated
with growth — however the correlations were now
instantaneous and did not show a delay (Figure 1b). It
suggested that more generally, proteins are expressed
significantly faster in cells that transiently grow faster,
which is actually not unreasonable given that some cells
grow twice as fast others for almost a full generation, and
expression needs diverse metabolites. Put differently,
fluctuations in growth-controlling factors, which may be
anything from ribosomes to ATP, are also a source of
gene expression noise [39]. In turn, metabolic fluctua-
tions may thus affect processes that are controlled by
gene expression, such as differentiation events [40,41].
Metabolic noise can be compared to other noise sources
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Fluctuations from enzyme expression to metabolism, and from metabolism to enzyme expression. Expression measurements of a single metabolic
enzyme and growth rates in individual cells can be used to reveal metabolic stochasticity. Two key modes of noise transmission have been observed, which
can act both individually and jointly, and may interact. (a) Noise in the expression of a single enzyme (blue trace), result in fluctuations in metabolic flux that are
transmitted through the metabolic network and affect growth with some time delay (orange trace). The delay can be quantified by cross-correlation analysis.
The cross-correlation curve illustrates that on average, current enzyme expression correlates better with growth some time later, as illustrated by the
expression-growth scatter plots. Note that the sources of expression noise here are not only intrinsic, or caused by molecular processes specific to one gene.
They also include extrinsic or transmitted noise from other processes, such as transcription factor, polymerase, or metabolic factors such as amino acid
abundance, which may affect expression but not growth. Noise sources that affect both expression and growth are discussed in panel b. (b) Noise sources
within the metabolic network that perturb both expression (green trace) and growth (orange trace). Fluctuations in components that affect both expression
and growth, such as ATP and other central metabolites, could define such sources of noise. In contrast to panel a, the cross-correlation here is symmetric
because expression and growth respond approximately equally fast to the fluctuations. Note that the resulting expression noise may affect growth (panel a),
or may not (this panel) — for instance because the expressed enzyme is not metabolically active or because it is abundant and hence does not limit growth.
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such as transcription factors [42] and the cell cycle [43],
which can also affect more than one gene or process and
hence may be considered as extrinsic noise sources. A
picture thus emerges of a system as a cycle of recipro-
cally interacting sources of extrinsic noise: metabolic
fluctuations simultaneously affecting the expression of
multiple genes, including transcription factors, poly-
merases, and metabolic enzymes, and conversely, noise
in the latter resulting in fluctuations in metabolic fluxes.
At the same time, the precise relations between noisy
signals, and hence their ultimate mechanistic origin
remains largely unresolved. For instance, it is unclear
whether different pathways fluctuate independently, or
alternatively, whether observed fluctuations result from
a continuous dynamic interplay between them. Overall,
the data so far shows that expression and growth are
tightly intertwined, not only in terms of their mean
levels when comparing different media [44], but also
dynamically within constant external conditions.

(Mis)matching pathways

The notion that metabolic pathways are stochastic raises
questions about the dynamic interaction between them.
For instance, it is thought that cells co-regulate func-
tionally related genes to balance their overall input and
output fluxes [24,45]. In yeast, genes related to either
stress response, mitochondria or amino acid biosynthesis
were found to fluctuate jointly in response to general
regulators [46]. Mismatches between (parts) of the
cellular pathways can have large effects. Specifically, it
was observed that metabolic imbalance within glycolysis
can amplify non-genetic variability within the popula-
tion [47]. When the upper and lower parts of this central
pathway are not well matched, glycolytic intermediates
can accumulate while ATP levels are reduced, thus
strongly affecting cellular physiology. Expression vari-
ability has also been suggested to drive changes in flux
partitioning [48]. These studies underscore the impor-
tance of further dissecting how cells coordinate
different cellular processes in the face of the random
fluctuations of its components, and which regulatory
mechanisms they employ.

Metabolism at the center

Metabolism and growth ultimately power all cellular
activity. A fluctuating or unstable metabolism thus could
have wide-ranging effects. For instance, perturbations of
metabolic homeostasis may cause fluxes to collapse and
metabolite pools to deplete, which in turn can induce
persistence [2]. Metabolic heterogeneity has been
suggested to affect the synchronization of metabolic
oscillations observed in dense yeast populations, and
hence the communication between cells [49], while a
recent study revealed a coupling between metabolic
oscillations and the cell cycle in yeast [50]. Strikingly, it
has recently been reported that slow-growing yeast sub
populations display downregulated ribosomal activity

and upregulated stress response genes, increased RINA
polymerase error rates and indications of DNA damage,
which may be explained by oxidative stress [51].

One may also expect that metabolic and growth fluc-
tuations impact cell size. Bacteria grow in exponential
fashion — increases in growth rate could thus produce
large increases in cell size, which could be further
amplified and diverge in subsequent cycles because
larger cells effectively grow faster. Some answers to how
cells deal with this issue are already emerging. First, the
timescale of growth fluctuations in . ¢co/ was found to
be just below that of the cell cycle for a range of growth
media [25]. Cells thus inherit faster growth for just one
or two generations, which limits amplifying effects.
Second, while the molecular mechanism is unclear, it
has been found that cells compensate for growth vari-
ability [52—58]. Cells that grow faster on average have a
smaller interdivision time, thus yielding similar sizes at
division as slow-growing cells (Figure 2a). Moreover,
faster-growing cells were also found to initiate DNA
replication earlier, providing a further indication of un-
derlying regulatory compensations [52,56]. These find-
ings support the suggestion that the cells compensate
for growth variability by measuring size rather than time.

Figure 2
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Impact on cell cycle and population structure. (a) Cell cycle compen-
sations. Recent work has shown that spontaneously faster growing cells
initiate DNA replication earlier, and divide eatrlier, than slower-growing cells
in the population. Such compensations limit the effects of heterogeneity in
growth rate on cell size. (b) Effects on population structure. Faster-growing
and faster-dividing cells increase their frequency within the population. As a
result, growth noise can result in population growth rates that are higher
than the average cellular growth rate within a lineage.
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Benefits of metabolic fluctuations
Stochasticity of growth and expression is directly
observed within individual cells, but it can also affect the
composition of the population in non-trivial ways. This
issue has been studied theoretically and in experiments
[59—61]. Counter-intuitively, analysis showed that
growth rate distribution along a single a lineage is not
necessarily equal to the distribution within the popula-
tion at a single time point [61]. The cause however is
actually quite simple: faster growing phenotypes pro-
duce more offspring, and hence become overrepresented
within the population (Figure 2b). The effects are most
striking when the mean concentration of a growth-
controlling enzyme is suboptimal, as gene expression
noise and resulting growth noise can then increase the
growth rate of the population as a whole [59]. Such sub-
optimal regulation of enzyme expression has been
observed experimentally (e.g. Ref. [62]), and in one
direct study, population growth rates were found to be
almost 10% faster than the average single-cell growth rate
[61]. A similar study in yeast showed a 4—7% increase in
growth rate for the population as a whole [60]. Addi-
tionally, an artificial reduction of gene expression noise in
catabolic networks decreased heterogeneity in cellular
division times [60], consistent with noise in metabolic
enzymes controlling growth [25].

The advantage of fluctuating gene expression in variable
environments was studied earlier in a synthetic system,
in which bistable switching allowed cells to be prepared
for environmental change [63]. The idea of “stochastic
sensing” has been addressed theoretically [3] and
observed in metabolic networks [64—66]. It has been
proposed that the regulatory control of metabolic genes
constraints the space of possible random metabolic
phenotypes, and hence come with entropic energy costs
[67]. Overall, noise in metabolic systems thus may not
exclusively limit optimal growth, but can also be bene-
ficial. This point is further illustrated by observed
evolutionary adaptation towards more heterogeneous
phenotypes [51,68—71].

An expanding array of experimental
approaches

Tracking cell size and fluorescence has already led to
surprising insights to the dynamics of cellular physi-
ology. Novel approaches will open up additional possi-
bilities. Fluorescence methods have been used to detect
the synthesis of single proteins in eukaryotic cells [72].
The growth rates of eukaryotic cells are difficult to
measure using time-lapse microscopy, given their com-
plex three-dimensional shapes. A recent technique
overcomes this problem, by quantifying how the cell
volume reduces the abundance of fluorophores in the
surrounding medium [73]. The accuracy of gene
expression measurements 1is also improving. Single
proteins could be visualized in E. co/i cells by slowing

down their diffusion [74]. Measuring metabolite con-
centrations would allow direct access to fluxes. Con-
centrations of FAD and NADH can be measured using
auto fluorescence [49,75], while FRET sensors have
already been developed for calcium [16,17], ATP
[18,19] and cAMP [20]. Additionally, it is possible to
obtain single cell Raman spectra, which allow for
determination of concentrations of certain abundant
metabolites [15]. Together, these novel and existing
approaches will be central to arrive at a dynamic view of
physiology at the single-cell level.

Concluding remarks

In this review, we have discussed recent studies that have
revealed the stochastic nature of metabolism and its
interplay with gene expression and other cellular pro-
cesses. The results press the notion of cells as autocat-
alytic and stochastic systems engaged in a dynamic
equilibrium, with metabolism and enzyme expression as
two fluctuating and interdependent processes. One may
expect other processes to be in similar dynamic equi-
libria, and it will be intriguing to decipher how the result
can be stable and robust. In recent decades, growth has
not been considered as an important piece of the cellular
puzzle. This new wave of experiments is revising this
view, and re-affirms metabolism and growth at the center
of cellular activity and dynamics.

Acknowledgements
Work in the group of S.J.T. is supported by the Netherlands Organization
for Scientific Research (NWO).

References
Papers of particular interest, published within the period of review,
have been highlighted as:

e of special interest
ee Of outstanding interest

1.  Walsh AJ, Skala MC: Optical metabolic imaging quantifies
heterogeneous cell populations. Biomed Opt Express 2015, 6:
559-573.

2. Radzikowski JL, Vedelaar S, Siegel D, Ortega AD, Schmidt A,
Heinemann M: Bacterial persistence is an active ¢S stress
response to metabolic flux limitation. Mo/ Syst Biol 2016, 12:
882.

3. Kussell E: Information in fluctuating environments phenotypic
diversity, population growth, and information in fluctuating
environments. Methods 2005, 309:2075—-2078.

4. Acar M, Mettetal JT, van Oudenaarden A: Stochastic switching
as a survival strategy in fluctuating environments. Nat Genet
2008, 40:471-475.

5. Wang Z, Zhang J: Impact of gene expression noise on
organismal fitness and the efficacy of natural selection. Proc
Natl Acad Sci U S A 2011, 108:E67—-E76.

6. Herrgard MJ, Covert MW, Palsson BJ: Reconstruction of mi-
crobial transcriptional regulatory networks. Curr Opin Bio-
technol 2004, 15:70-77.

7. Neidhardt FC, Ingraham JL, Schaechter M: Physiology of the
bacterial cell: a molecular approach. Sinauer Associates Inc; 1990.

8. Rodriguez M, Good TA, Wales ME, Hua JP, Wild JR: Modeling
allosteric regulation of de novo pyrimidine biosynthesis in
Escherichia coli. J Theor Biol 2005, 234:299—-310.

Current Opinion in Systems Biology 2018, 8:131-136

www.sciencedirect.com


http://refhub.elsevier.com/S2452-3100(17)30202-0/sref1
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref1
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref1
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref2
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref2
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref2
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref2
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref3
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref3
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref3
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref4
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref4
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref4
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref5
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref5
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref5
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref6
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref6
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref6
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref7
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref7
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref8
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref8
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref8
www.sciencedirect.com/science/journal/24523100

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

283.

24.

25.

Stochasticity in cellular metabolism and growth: approaches and consequences Wehrens et al.

Hart Y, Madar D, Yuan J, Bren A, Mayo AE, Rabinowitz JD,
Alon U: Robust control of nitrogen assimilation by a bifunc-
tional enzyme in E. coli. Mol Cell 2011, 41:117-127.

Klumpp S, Zhang Z, Hwa T: Growth rate-dependent global ef-
fects on gene expression in bacteria. Cell 2009, 139:
1366—1375.

Yun HS, Hong J, Lim HC: Regulation of ribosome synthesis in
Escherichia coli: effects of temperature and dilution rate
changes. Biotechnol Bioeng 1996, 52:615—-624.

El-Mansi EMT, Holms WH: Control of carbon flux to acetate
excretion during growth of Escherichia coli in batch and
continuous cultures. J Gen Microbiol 1989:135.

Wilson WA, Roach PJ, Montero M, Baroja-Fernandez E,

Mufoz FJ, Eydallin G, Viale AM, Pozueta-Romero J: Regulation
of glycogen metabolism in yeast and bacteria. FEMS Microbiol
Rev 2010, 34:952—-985.

Esaki T, Masujima T: Fluorescence probing live single-cell
mass spectrometry for direct analysis of organelle meta-
bolism. Anal Sci 2015, 31:1211-1213.

Yue S, Cheng J-X: Deciphering single cell metabolism by
coherent Raman scattering microscopy. Curr Opin Chem Biol
2016, 33:46-57.

Nakai J, Ohkura M, Imoto K: A high signal-to-noise Ca(2+)
probe composed of a single green fluorescent protein. Nat
Biotechnol 2001, 19:137—-141.

Nagai T, Sawano A, Park ES, Miyawaki A: Circularly germuted
green fluorescent proteins engineered to sense Ca“*. Proc
Natl Acad Sci 2001, 98:3197-3202.

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

Imamura H, Huynh Nhat KP, Togawa H, Saito K, lino R, Kato-
Yamada Y, Nagai T, Noji H: Visualization of ATP levels inside
single living cells with fluorescence resonance energy
transfer-based genetically encoded indicators. Proc Nat!/ Acad
Sci 2009, 106:15651—15656.

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

Dunlop MJ, Cox RS, Levine JH, Murray RM, Elowitz MB: Regu-
latory activity revealed by dynamic correlations in gene
expression noise. Nat Genet 2008, 40:1493—-1498.

Munsky B, Khammash M: Transient analysis of stochastic
switches and trajectories with applications to gene regula-
tory networks. /IET Syst Biol 2008, https://doi.org/10.1049/iet-
syb.

Pedraza JM, van Oudenaarden A: Noise propagation in gene
networks. Science 2005, 307:1965—1969.

Chubukov V, Gerosa L, Kochanowski K, Sauer U: Coordination
of microbial metabolism. Nat Rev Microbiol 2014, https://
doi.org/10.1038/nrmicro3238.

Kiviet DJ, Nghe P, Walker N, Boulineau S, Sunderlikova V,
Tans SJ: Stochasticity of metabolism and growth at the
single-cell level. Nature 2014, https://doi.org/10.1038/
nature13582.

Stochastic fluctuations in the concentration of a single enzyme can
correlate with future cellular growth rates, indicating transmission of
noise through cellular networks. Fluctuations in growth rate can also
affect enzyme expression, showing the interdependence of these
parameters.

26.

27.

Stylianidou S, Brennan C, Nissen SB, Kuwada NJ, Wiggins PA:
Robust image segmentation, analysis and lineage tracking of
bacterial cells. 2016.

Paintdakhi A, Parry B, Campos M, Irnov I, EIf J, Surovtsev |,
Jacobs-Wagner C: Oufti: an integrated software package for

28.

29.

30.

31.

32.

33.

34.

135

high-accuracy, high-throughput quantitative microscopy
analysis. Mol Microbiol 2016, 99:767—-777.

Kaiser M, Jug F, Silander O, Deshpande S, Julou T, Myers G,
Nimwegen E Van: Tracking single-cell gene regulation in
dynamically controlled environments using an integrated
microfluidic and computational setup. bioRxiv 2016, https://
doi.org/10.1101/076224.

Sachs CC, Grlinberger A, Helfrich S, Probst C, Wiechert W,
Kohlheyer D, N6h K: Image-based single cell profiling: high-
throughput processing of mother machine experiments.
PLoS One 2016, 11:1-15.

Nobs J-B, Maerkl SJ: Long-term single cell analysis of
S. pombe on a microfluidic microchemostat array. PLoS One
2014, 9:e93466.

Sliusarenko O, Heinritz J, Emonet T, Jacobs-Wagner C: High-
throughput, subpixel precision analysis of bacterial
morphogenesis and intracellular spatio-temporal dynamics.
Mol Microbiol 2011, 80:612—-627.

Sadanandan SK, Baltekin O, Magnusson KEG, Boucharin A,
Ranefall P, Jalden J, EIf J, Wahlby C: Segmentation and track-
analysis in time-lapse imaging of bacteria. /[EEE J Sel Top
Signal Process 2016, 10:174—184.

Chowdhury S, Kandhavelu M, Yli-Harja O, Ribeiro AS: Cell
segmentation by multi-resolution analysis and maximum
likelihood estimation (MAMLE). BMC Bioinf 2013, 14:S8.

Van Valen DA, Kudo T, Lane KM, Macklin DN, Quach NT,
DeFelice MM, Maayan |, Tanouchi Y, Ashley EA, Covert MW:
Deep learning automates the quantitative analysis of indi-
vidual cells in live-cell imaging experiments. PLoS Comput
Biol 2016, 12:1-24.

Machine learning algorithms are applied to segment time-lapse movies
of single cells.

35.

36.

37.

38.

39.

40.

41.

42.

43.

Van Heerden JH, Kempe H, Doerr A, Maarleveld T, Nordholt N,
Bruggeman FJ: Statistics and simulation of growth of single
bacterial cells: illustrations with B. subtilis and E. coli. Sci
Rep 2017, 7:1-11.

Arganda-Carreras |, Kaynig V, Rueden C, Eliceiri KW,
Schindelin J, Cardona A, Seung HS: Trainable Weka Segmen-
tation: a machine learning tool for microscopy pixel classi-
fication. Bioinformatics 2017, 33:2424—2426.

Mir M, Wang Z, Shen Z, Bednarz M, Bashir R, Golding I,
Prasanth SG, Popescu G: Optical measurement of cycle-
dependent cell growth. Proc Natl Acad Sci 2011, 108:
13124-13129.

Son S, Tzur A, Weng Y, Jorgensen P, Kim J, Kirschner MW,
Manalis SR: Direct observation of mammalian cell growth and
size regulation. Nat Methods 2012, 9:910-912.

Tsuru S, Ichinose J, Kashiwagi A, Ying B-W, Kaneko K, Yomo T:
Noisy cell growth rate leads to fluctuating protein concen-
tration in bacteria. Phys Biol 2009, 6:36015.

Balazsi G, Van Oudenaarden A, Collins JJ: Cellular decision
making and biological noise: from microbes to mammals.
Cell 2011, 144:910-925.

Maamar H, Raj A, Dubnau D: Noise in gene expression de-
termines cell fate in Bacillus subtilis. Science (80- ) 2005, 317:
526—529.

Elowitz MB, Levine AJ, Siggia ED, Swain PS: Stochastic gene
expression in a single cell. Science 2002, 297:1183—-1186.

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

Volume increase and gene duplication during replication during the cell
cycle both affect gene expression, leading to non-genetic cellular
heterogeneity.

44.

45.

Scott M, Gunderson CW, Mateescu EM, Zhang Z, Hwa T: Inter-
dependence of cell growth and gene expression: origins and
consequences. Science (80- ) 2010:330.

Hui S, Silverman JM, Chen SS, Erickson DW, Basan M, Wang J,
Hwa T, Williamson JR: Quantitative proteomic analysis reveals

www.sciencedirect.com

Current Opinion in Systems Biology 2018, 8:131-136


http://refhub.elsevier.com/S2452-3100(17)30202-0/sref9
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref9
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref9
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref10
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref10
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref10
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref11
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref11
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref11
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref12
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref12
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref12
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref13
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref13
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref13
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref13
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref14
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref14
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref14
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref15
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref15
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref15
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref16
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref16
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref16
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref17
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref17
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref17
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref17
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref18
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref18
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref18
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref18
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref19
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref19
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref19
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref19
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref19
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref20
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref20
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref20
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref20
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref20
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref20
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref21
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref21
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref21
https://doi.org/10.1049/iet-syb
https://doi.org/10.1049/iet-syb
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref23
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref23
https://doi.org/10.1038/nrmicro3238
https://doi.org/10.1038/nrmicro3238
https://doi.org/10.1038/nature13582
https://doi.org/10.1038/nature13582
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref26
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref26
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref26
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref27
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref27
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref27
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref27
https://doi.org/10.1101/076224
https://doi.org/10.1101/076224
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref29
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref29
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref29
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref29
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref30
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref30
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref30
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref31
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref31
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref31
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref31
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref32
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref32
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref32
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref32
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref33
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref33
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref33
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref34
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref34
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref34
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref34
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref34
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref35
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref35
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref35
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref35
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref36
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref36
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref36
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref36
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref37
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref37
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref37
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref37
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref38
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref38
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref38
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref39
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref39
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref39
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref40
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref40
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref40
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref41
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref41
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref41
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref42
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref42
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref43
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref43
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref43
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref44
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref44
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref44
www.sciencedirect.com/science/journal/24523100

136 Special Section: Single cell and systems biology (2018)

a simple strategy of global resource allocation in bacteria.
Mol Syst Biol 2015 Feb 12, 11(1):784, hitps://doi.org/10.15252/
msb.20145697.

46. Stewart-Ornstein J, Weissman JS, El-Samad H: Cellular noise
regulons underlie fluctuations in Saccharomyces cerevisiae.
Mol Cell 2012, 45:483—-493.

47. van Heerden JH, Wortel MT, Bruggeman FJ, Heijnen JJ,
Bollen YJM, Planqué R, Hulshof J, O'Toole TG, Wahl SA,
Teusink B: Lost in transition: startup of glycolysis yields
subpopulations of nongrowing cells. Science 2014, https://
doi.org/10.1126/science.1245114.

48. Murima P, Zimmermann M, Chopra T, Pojer F, Fonti G, Dal
Peraro M, Alonso S, Sauer U, Pethe K, McKinney JD: A rheostat
mechanism governs the bifurcation of carbon flux in myco-
bacteria. Nat Commun 2016, 7:12527.

49. Gustavsson A-K, Adiels CB, Mehlig B, Goks6r M: Entrainment of
heterogeneous glycolytic oscillations in single cells. Sci Rep
2015, 5:9404.

50. Papagiannakis A, Niebel B, Wit EC, Heinemann M: Autonomous
metabolic oscillations robustly gate the early and late cell
cycle. Mol Cell 2017, 65:285—-295.

51. Van Dijk D, Dhar R, Missarova A, Espinar L, Blevins W, Lehner B,

e  Carey L: Slow growing subpopulations have increased DNA
damage and RNA polymerase error rates. Nat Commun 2015,
https://doi.org/10.1038/ncomms8972.

Sub-populations of slow-growing cells are analyzed and found to have

distinct phenotypes that also have higher mutation rates.

52. Adiciptaningrum A, Osella M, Moolman MC, Cosentino

e Lagomarsino M, Tans SJ: Stochasticity and homeostasis in the
E. coli replication and division cycle. Sci Rep 2015, 5:18261.

Replication and division timing compensate for both growth rate vari-

ability and cell size variability in single cells.

53. lyer-Biswas S, Wright CS, Henry JT, Lo K, Burov S, Lin Y,
Crooks GE, Crosson S, Dinner AR, Scherer NF: Scaling laws
governing stochastic growth and division of single bacterial
cells. Proc Natl Acad Sci 2014, https://doi.org/10.1073/
pnas.1403232111.

54. Kennard AS, Osella M, Javer A, Grilli J, Nghe P, Tans SJ,
Cicuta P, Cosentino Lagomarsino M: Individuality and univer-
sality in the growth-division laws of single E. coli cells. Phys
Rev E 2016, 93:1-18.

55. Osella M, Tans SJ, Cosentino Lagomarsino M: Step by step, cell
by cell: quantification of the bacterial cell cycle. Trends
Microbiol 2017, 25:250—256.

56. Wallden M, Fange D, Gregorsson Lundius E, Baltekin O, Elf J:
The synchronization of replication and division cycles in in-
dividual E. coli cells. Cell 2016, 166:729—-739.

57. Taheri-Araghi S, Bradde S, Sauls JT, Hill NS, Levin PA,
Paulsson J, Vergassola M, Jun S: Cell-size control and ho-
meostasis in bacteria. Curr Biol 2014, 25:1-7.

58. Campos M, Surovtsev IV, Kato S, Paintdakhi A, Beltran B,
Ebmeier SE, Jacobs-Wagner C: A constant size extension
drives bacterial cell size homeostasis. Cell 2014, 159:
1433-1446.

59. Tanase-Nicola S, ten Wolde PR: Regulatory control and the
costs and benefits of biochemical noise. PLoS Comput Biol
2008, 4. e1000125.

60. Cerulus B, New AM, Pougach K, Verstrepen KJ: Noise and

ee epigenetic inheritance of single-cell division times influence
population fitness. Curr Biol 2016, 26:1138—1147.

Experiments show that population growth can benefit from growth

noise on the single cell level, and stochastic catabolic gene expression

can contribute to single cell growth noise.

61. Hashimoto M, Nozoe T, Nakaoka H, Okura R, Akiyoshi S,

ee Kaneko K, Kussell E, Wakamoto Y: Noise-driven growth rate
gain in clonal cellular populations. Proc Natl Acad Sci U S A
2016, 113:3251-3256.

Experimentally measured discrepancies between single cell growth

rate distributions and population growth rate distributions can be un-

derstood theoretically, and show that single cell growth noise can be

beneficial to population growth.

62. Towbin BD, Korem Y, Bren A, Doron S, Sorek R, Alon U: Opti-

e mality and sub-optimality in a bacterial growth law. Nat
Commun 2017, 8:14123.

Metabolic enzyme expression is optimized for most conditions, but not

all.

63. Kashiwagi A, Urabe |, Kaneko K, Yomo T: Adaptive response of
a gene network to environmental changes by fitness-induced
attractor selection. PLoS One 2006:1.

64. New AM, Cerulus B, Govers SK, Perez-Samper G, Zhu B,
Boogmans S, Xavier JB, Verstrepen KJ: Different levels of
catabolite repression optimize growth in stable and variable
environments. PLoS Biol 2014, 12:17-20.

65. Boulineau S, Tostevin F, Kiviet DJ, ten Wolde PR, Nghe P,
Tans SJ: Single-cell dynamics reveals sustained growth
during diauxic shifts. PLoS One 2013, 8. e61686.

66. Miot J, Remusat L, Duprat E, Gonzalez A, Pont S, Poinsot M: Fe
biomineralization mirrors individual metabolic activity in a
nitrate-dependent Fe(ll)-oxidizer. Front Microbiol 2015, 6:1-13.

67. Martino D De, Capuani F, Martino A De: Growth against entropy
in bacterial metabolism: the phenotypic trade-off behind
empirical growth rate distributions in E. coli. Phys Biol 2016,
13:36005.

68. Schreiber F, Littmann S, Lavik G, Escrig S, Meibom A,

o  Kuypers MMM, Ackermann M: Phenotypic heterogeneity
driven by nutrient limitation promotes growth in fluctuating
environments. Nat Microbiol 2016:1-7 (in press).

Phenotypic heterogeneity is increased in response to nitrogen limita-

tion, and benefit thereof is experimentally shown.

69. Metzger BPH, Yuan DC, Gruber JD, Duveau FD, Wittkopp PJ:
Selection on noise constrains variation in a eukaryotic pro-
moter. Nature 2015, 521:344-347.

70. Mars RAT, Nicolas P, Ciccolini M, Reilman E, Reder A,
Schaffer M, Mader U, Vélker U, van Dijl JM, Denham EL: Small
regulatory RNA-induced growth rate heterogeneity of Bacil-
lus subtilis. PLoS Genet 2015, 11:1-27.

71. Beaumont HJE, Gallie J, Kost C, Ferguson GC, Rainey PB:
Experimental evolution of bet hedging. Nature 2009, 462:90—93.

72. Morisaki T, Lyon K, DeLuca KF, DelLuca JG, English BP,

. Zhang Z, Lavis LD, Grimm JB, Viswanathan S, Looger LL, et al.:
Real-time quantification of single RNA translation dynamics
in living cells. Science (80- ) 2016, 352:1425-1429.

A smart combination of fluorescent techniques allows probing of single-

molecule translation events and mRNA translation kinetics.

73. Cadart C, Monnier S, Grilli J, Attia R, Terriac E, Baum B,
Cosentino-Lagomarsino M, Piel M: Size control in mammalian
cells involves modulation of both growth rate and cell cycle
duration. bioRxiv 2017:152728.

74. Okumus B, Landgraf D, Lai GC, Bakhsi S, Arias-Castro JC,
Yildiz S, Huh D, Fernandez-Lopez R, Peterson CN, Toprak E,
et al.: Mechanical slowing-down of cytoplasmic diffusion
allows in vivo counting of proteins in individual cells. Nat
Commun 2016, 7:11641.

75. Georgakoudi I, Quinn KP: Optical imaging using endogenous
contrast to assess metabolic state. Annu Rev Biomed Eng
2012, 14:351-367.

Current Opinion in Systems Biology 2018, 8:131-136

www.sciencedirect.com


https://doi.org/10.15252/msb.20145697
https://doi.org/10.15252/msb.20145697
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref46
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref46
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref46
https://doi.org/10.1126/science.1245114
https://doi.org/10.1126/science.1245114
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref48
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref48
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref48
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref48
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref49
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref49
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref49
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref50
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref50
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref50
https://doi.org/10.1038/ncomms8972
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref52
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref52
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref52
https://doi.org/10.1073/pnas.1403232111
https://doi.org/10.1073/pnas.1403232111
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref54
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref54
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref54
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref54
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref55
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref55
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref55
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref56
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref56
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref56
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref57
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref57
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref57
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref58
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref58
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref58
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref58
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref59
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref59
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref59
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref59
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref60
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref60
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref60
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref61
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref61
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref61
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref61
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref62
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref62
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref62
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref63
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref63
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref63
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref64
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref64
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref64
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref64
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref65
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref65
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref65
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref66
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref66
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref66
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref67
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref67
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref67
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref67
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref68
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref68
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref68
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref68
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref69
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref69
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref69
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref70
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref70
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref70
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref70
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref71
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref71
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref72
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref72
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref72
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref72
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref73
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref73
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref73
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref73
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref74
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref74
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref74
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref74
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref74
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref75
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref75
http://refhub.elsevier.com/S2452-3100(17)30202-0/sref75
www.sciencedirect.com/science/journal/24523100

	Stochasticity in cellular metabolism and growth: Approaches and consequences
	Stochasticity and metabolism
	Enzyme expression generates metabolic noise
	(Mis)matching pathways
	Metabolism at the center
	Benefits of metabolic fluctuations
	An expanding array of experimental approaches
	Concluding remarks
	Acknowledgements
	References


