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Abstract

Stochastic fluctuations, termed “noise,” in the level of biological molecules can greatly impact
cellular functions. While biological noise can sometimes be detrimental, recent studies have
provided an increasing number of examples in which biological noise can be functionally
beneficial. Rather than provide an exhaustive review of the growing literature in this field, in this
review we focus on single cell studies based on quantitative microscopy that have generated a
deeper understanding of the sources, characteristics, limitations, and benefits of biological noise.
Specifically, we highlight studies showing how noise can help coordinate the expression of
multiple downstream target genes, impact the channel capacity of signaling networks, and interact
synergistically with oscillatory dynamics to enhance the sensitivity of signal processing. We
conclude with a discussion of current challenges and future opportunities.
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Introduction

At any given moment, cells perform a multitude of complex functions based on diverse
biochemical reactions that can be highly susceptible to stochastic fluctuations in molecular
reactant levels [1-3]. Such fluctuations in either a single or many molecular reactants across
multiple reactions is referred to as molecular noise [4]. Biological noise can arise from
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multiple sources, including: molecular reactants being present in small quantities [1, 2];
variability in internal states between cells due to differences in cell cycle progression [5];
differences in levels of cellular components due to uneven segregation during cell division
[6]; stochasticity in gene expression [7, 8]; or, differences in local microenvironment [4]. In
some cases, variations from many sources of noise accumulate and produce cell-to-cell
variability in observable phenotypes, while in other cases even a single varying source can
produce distinct cellular outcomes for populations that are genetically identical [7, 9, 10].

In many fields, such as electrical engineering, noise is often viewed as a detriment, causing a
reduction in the transmission of information. However, from even the early days of
molecular biology, biological noise was observed to confer benefits for some biological
systems. For example, stochasticity has long been appreciated as serving a key role in
regulating the lysis/lysogeny state switch of bacteriophage lambda in which the decision
between infection and dormancy states is determined by biochemical fluctuations [11-14];
however, even in this relatively well-characterized system the exact mechanisms and extent
to which stochastic biochemical reactions impact the state switch are still being investigated
(for a discussion see [15]). As another classic example, early studies of microbial
communities showed that cell-to-cell variability caused by biological noise can result in
cellular bet-hedging, a process where a fraction of cells randomly enters a state of reduced
fitness to increase the likelihood of a subpopulation surviving environmental stresses. Bet-
hedging in microbial populations was first observed during studies in the 1940s, in which
populations of genetically identical bacterial cells were not completely killed when treated
with antibiotics [16]. A subpopulation of cells was able to survive, or “persist,” in the
presence of antibiotic; however, the persistence phenotype was nonheritable. Bacterial
cultures derived from the persistent cells spontaneously reverted to the normal, non-
persistent state, regaining sensitivity to antibiotics [17]. Variations in genetically identical
cell populations were also observed in bacterial competence studies, in which only 10-20%
of cells entered into a specialized competent state at the expense of cell growth to uptake and
incorporate environmental DNA into their chromosome [18, 19]. Although these population-
level studies demonstrated the favorable role of noise in cellular bet-hedging strategies, the
advent of technologies to study individual cells have illuminated the complex, and often
conflicting role of noise in multiple regulatory networks, particularly those involved in
signal transduction.

In recent years, the investigation of non-genetic cell-to-cell variability has been propelled by
the development of sophisticated tools to analyze individual living cells [20, 21]. Single cell
methods deliver invaluable insights into mechanisms of regulation and function that are
concealed in bulk, population-level studies measuring ensemble-averaged cellular responses
[22-25]. Single cell studies have not only furthered our understanding of the process of bet-
hedging in single-celled organisms [26], but have also revealed new mechanisms in which
signaling networks have evolved to either circumvent or exploit noise to process inputs.
Technologies based on fluorescent protein reporters have been particularly useful in
challenging the notion that noisy expression is detrimental to signal processing.

The number of groundbreaking studies over recent years in the area of biological noise
precludes an exhaustive analysis of this important topic. Therefore, in this review we choose
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to focus on recent work in which microscopy-based single cell approaches have generated
new insights into the regulation and function of biological noise in well-studied regulatory
networks. We first review select studies that enabled better characterization of general
features of biological noise, focusing on both live-cell fluorescence microscopy and fixed
cell single molecule RNA fluorescence in situ hybridization (sSmRNA FISH) studies. We
then describe select experimental and computational studies showing how variability in
transcription factor dynamics may provide benefits of coordination in target gene expression.
We next describe recent work analyzing the effects of noise in biological signal transduction
systems, revealing how noise generates specific limitations for the transmission of
information and how some cells circumvent such limitations. In addition, we discuss specific
examples of how cells use biological noise to generate functional benefits for information
processing tasks in well-studied signaling networks. Finally, we conclude with a discussion
of future research challenges and opportunities.

Characterization of Noise in Gene Expression

In a broad sense, biological noise can be categorized as being comprised of intrinsic and
extrinsic components. Intrinsic noise refers to fluctuations caused by stochastic events in
biochemical reactions within any given cell, e.g., the random binding of a transcription
factor to a promoter or the number of transcripts produced in a given unit of time. Extrinsic
noise refers to variations among different cells in a shared environment, e.g., variation due to
cells having different numbers of ribosomes. Extrinsic noise can be further specified as
either global extrinsic noise (i.e., fluctuations in molecular components that are the basis for
essential biochemical reactions that widely affect gene expression) or pathway-specific
extrinsic noise (i.e., fluctuations in the level of a key transcription factor involved in a
specific signal transduction pathway) [8, 27].

Fluorescence microscopy-based analysis of single cells provided a method to determine the
extent to which varied gene expression in a cell population is generated by extrinsic or
intrinsic noise sources. Elowitz and colleagues developed a method that employs two
distinguishable fluorescent reporter genes from the same origin, i.e., the cyan and yellow
fluorescent protein variants derived from the green fluorescent protein [9]. To differentiate
between intrinsic and extrinsic noise contributions, the reporter genes are expressed from
identical promoters but at distinct integration sites in the genome, such as distinct loci in the
E. coli chromosome, as in the work by Elowitz and colleagues [9], or two different alleles of
the same gene for a diploid organism, as applied in follow-up studies [8, 28]. Intrinsic noise
sources produce differential expression between the reporter genes in a single cell. Extrinsic
noise leads to equivalent reporter gene expression within a single cell, but not between two
cells (Figure 1). The dual reporter method enabled determination of the contributions of
intrinsic and extrinsic noise sources to non-genetic variation in cell populations and
identified general mechanisms by which the sources of noise can influence global gene
expression and regulation [8, 9, 28, 29].

To identify more specific molecular mechanisms contributing to extrinsic and intrinsic noise
sources in individual cells, several groups have made use of a variety of single cell
microscopy-based approaches. While technically challenging due to the often low copy
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numbers of biomolecular species being analyzed, such studies have enabled precise
quantification of mMRNA and proteins with single molecule sensitivity. One particularly
noteworthy phenomenon identified and characterized through such approaches is
transcriptional bursting, a source of noise in gene expression for a variety of organisms [7,
30, 31].

Golding and colleagues monitored transcriptional bursting in real time by measuring mRNA
transcript levels with single molecule resolution in individual living £. colicells [7]. To
attain this level of resolution, they used an /n vivo mRNA tagging method based on a
translational fusion of GFP to the RNA-binding protein MS2 [32, 33], and previously shown
to be capable of tracking mMRNA movement in living cells [34, 35]. Visualization of MS2-
GFP enabled observation of the synthesis of target mMRNA transcripts with genetically
encoded MS2 binding sites as they were transcribed. Using this approach, Golding and
colleagues demonstrated that transcription in £. coliis consistent with a gene activation/
inactivation model in that it occurs in quantal bursts, has geometrically distributed burst
sizes, and has exponentially distributed time intervals. In addition to transcriptional bursting,
studies based on single cell fluorescence microscopy in £. colihave identified sources of
cell-to-cell variability in gene activation related to the cellular response to external stimuli,
such as the kinetics of cellular uptake mechanisms for inducer molecules [36, 37]
Specifically, studies of the arabinose utilization system in individual, living £. coli cells
demonstrated that cell-to-cell heterogeneity in gene activation was influenced by the kinetics
of arabinose uptake, which may be attributed to varying levels of uptake proteins in cells
prior to arabinose induction [36, 37]. Single-cell bioluminescence measurements enabled
Suter and colleagues to observe transcriptional bursting in real time in mammalian cells
[30]. Using cell lines expressing a short-lived nuclear-localized luciferase encoded by an
unstable mRNA, they quantified bursting kinetics of the reporter at high temporal resolution.
Through this method, they determined that bursts are gene-specific, which was primarily
attributed to cis-acting regulatory elements.

In addition to approaches using live-cell microscopy, several recent studies have highlighted
the power of SMRNA FISH[38, 39] of fixed cells for characterizing the sources of noise in
gene expression. For example, Chong and colleagues used a high-throughput, /in vitro
method based on sSmRNA FISH to monitor transcription in real time on individual DNA
templates to identify mechanisms generating transcriptional bursting [31]. From this
analysis, they determined that the build-up and release of DNA supercoiling during
transcription is a physical cause of bursting in £. co/i [31]. Jones and colleagues [40] used
SmRNA FISH to determine the extent to which gene-specific characteristics impact variation
in expression. Taking a synthetic biology approach, they generated a suite of synthetic genes
in E. coliwith distinct promoter strengths, transcription factor binding strengths, and
transcription factor copy numbers. Through this systematic approach, they determined that
different promoter architectures are associated with different degrees of variability in gene
expression. This result suggests that gene expression noise is a tunable property that may be
subject to evolutionary selection pressures.

Given that different genes may inherently have distinct levels of expression noise, cells may
have a potential difficulty in coordinating the expression of multiple genes that code for
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multi-protein complexes in which the subunits must be expressed in a proper stoichiometry.
Recent work by Gandhi and colleagues using SmRNA FISH explored the extent to which
transcriptional noise impacts multi-protein complex formation [41]. They implemented two-
color smRNA FISH in S. cerevisiae to determine whether mRNA levels of functionally
related genes that are constitutively expressed (e.g., essential genes for the stoichiometric
formation of a multi-protein complex) are more correlated than those of constitutively
expressed genes that are functionally unrelated. Strikingly, their study indicated that mRNA
levels of functionally related genes, or even two alleles of the same gene with identical
promoters, were as weakly correlated as functionally unrelated genes. This finding suggests
that the stochastic nature of transcription initiation may preclude cells from coordinating
constitutively expressed genes at the mRNA level, and that the proper stoichiometric
formation of multi-protein complexes is more dependent on post-transcriptional or post-
translational regulatory mechanisms.

In addition to fluctuations in gene expression and mRNA stability, stochastic events can
affect translation and protein stability to alter protein concentrations and generate
phenotypic variations in individual cells. Determining the extent to which mRNA levels
correlate with protein abundances has been a recent challenge, and several studies highlight
the importance of post-transcriptional regulation in determining the concentration and
variation of protein abundances [42]. For example, to better characterize fluctuations in not
only transcript levels but also protein levels in individual cells, Taniguchi and colleagues
carried out a relatively global quantitative analysis of mMRNA and protein expression with
single molecule sensitivity by conducting SmRNA FISH and single molecule imaging of a
novel yellow fluorescent protein library in individual £. coli cells [43]. They quantified
protein and mRNA levels for over 1000 genes in individual £. coli cells and determined that
mMRNA and protein levels for any given gene are uncorrelated within a single cell. They
reported that this observation was likely caused by the large discrepancy in half-lives
between mRNA and proteins; however, this interpretation was recently challenged by a
theoretical study conducted by Hilfinger and colleagues [44]. Additionally, through global
profiling of the proteome, Taniguchi and colleagues determined that intrinsic noise
characterized by transcription rate and burst size could only account for large fluctuations in
low-abundance proteins, indicating that variation in high-abundance proteins is dominated
by a global extrinsic noise source. One caveat when interpreting such results is that they are
based on correlations of mMRNA and protein abundances at the same point in time. A more
appropriate comparison, which is the next challenge for the field, is to measure the
correlation between mRNA levels at one time and protein levels at a slightly later time to
take into account the inherent time required for events such as translation and protein
maturation.

In addition to characterizing and identifying sources of noise in gene expression, innovative
smRNA FISH approaches have advanced investigations of mechanisms for noise
suppression. Battich and colleagues [45] showed that cells can employ a buffering
mechanism to diminish stochastic fluctuations triggered by transcriptional bursting. Using a
high-throughput smRNA FISH technique based on branched DNA technology they
measured single cell transcript abundances for nearly 1000 genes and simultaneously
quantified 183 cell state features (e.g., cell or nucleus area and shape) and microenvironment
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(e.g., local cell crowding and number of cell neighbors). In acquiring this large-scale dataset,
they determined that cytoplasmic mRNA transcript abundances are minimally stochastic and
correlate with features related to cellular state and microenvironment, while nuclear mMRNA
transcript abundances were highly variable. The disparity between the stochasticity of
cytoplasmic and nuclear transcript abundances suggests that cells leverage nuclear retention
times of transcripts to filter out stochastic fluctuations arising from transcriptional bursting.
In a related study, Padovan-Merhar and colleagues [46] implemented a sSmRNA FISH
approach to demonstrate that mMRNA transcript abundance strongly correlates with cellular
volume in single mammalian cells, despite having the same absolute number of DNA
molecules. This study identified two independent, global mechanisms that enable cells to
maintain appropriate mMRNA concentrations by compensating for variations in cell size or
DNA content during the cell cycle: a frans mechanism to adjust transcriptional burst size for
larger cells to produce higher mRNA levels from low DNA copy numbers, and a c/s
mechanism to regulate burst frequency throughout the cell cycle, preserving the appropriate
RNA concentrations even with varying DNA content.

A limitation of early sSmRNA FISH studies, whether in microbes [31, 41], tissue culture [44],
or /n vivo [45], is that they could reliably detect transcripts for up to only a few distinct
genes in any given cell due to limitations in spectrally distinct fluorophores. However, recent
developments in this field have included methods to quantify dozens of distinct transcript
species simultaneously. For example, Lubeck and colleagues used super resolution
microscopy to quantify spatially barcoded transcripts to simultaneously detect mMRNA
abundances for 32 genes in single S. cerevisiae cells [46]. They later developed a temporal
barcoding scheme in which sequential rounds of mMRNA labeling with up to four different
fluorescent probes was followed by enzymatic digestion of the probes and labeling with new
sets of probes [46]. A benefit of such a technique is that it makes use of traditional
fluorescence microscopy instead of the more technically challenging and costly super-
resolution microscopy. Using such a scheme with four distinct fluorophores, only two
rounds of hybridization were required to label 16 different mRNA species in yeast cells.
Theoretically, only eight rounds of hybridization would be required to probe the entire
transcriptome. Advances such as these will likely continue to provide powerful methods to
probe the impact and mechanisms of noise in gene expression.

Potential Functional Benefits of Noise in Coordinating Gene Expression

Several recent studies point to a potential role for noise in the coordination of target gene
expression in cellular stress responses. Cai and colleagues determined that in the yeast
calcium stress response, a wide array of target genes are co-expressed by a single
transcription factor undergoing noisy frequency-modulated pulses of nuclear localization
[50]. They focused on the transcription factor Crz1, which becomes upregulated in response
to calcium (Figure 2A). Using time-lapse fluorescence microscopy, Cai and colleagues
showed that Crz1 localizes to the nucleus in short, stochastic bursts with an average duration
of 2 minutes. Increasing the calcium concentration affects the number of stochastic bursts
per unit of time; however, the average amplitude and duration of the individual bursts are
unaltered. Upon translocation to the nucleus, Crz1 regulates the expression of a large
number of calcium-response genes. The noisy, short duration nuclear translocations of Crz1l
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enabled the promoters of different target genes to be activated at a fixed ratio, regardless of
the concentration of calcium to which the cells were responding [50] (Figure 2B). This
coordination of target gene expression would be difficult to achieve in an amplitude-
modulated system where an increase in calcium leads to a proportional increase in nuclear
Crz1 concentration, generating different ratios of target gene expression for each
concentration of calcium (Figure 2B). A subsequent fluorescence microscopy-based screen
by Dalal and colleagues showed that at least twelve different yeast transcription factors
undergo similarly noisy short duration, frequency-modulated bursts of nuclear translocation
[51]. These results suggest that such noisy transcription factor dynamics may be
evolutionarily beneficial for a wide range of cellular responses. While deterministic fixed
frequency pulses of transcription factor activity could theoretically confer such gene
expression coordination, the fixed-frequency pulses of the mammalian transcription factor
p53 were recently shown to reduce coordination of target gene expression in response to
DNA damage [52]. Taken together, these results suggest that the noise in the yeast pulsatile
transcription factor dynamics may aid in generating the gene coordination observed in yeast
systems.

Similar to the yeast response networks characterized by Dalal and colleagues, many
regulatory networks require multiple target genes to be coordinately expressed. To identify
general principles by which noise could impact target gene coordination, Garcia-Bernardo
and Dunlop used a stochastic computational approach to characterize the potential impact of
noise and transcription factor dynamics in the coordination of target genes [53]. The
stochastic model was based on a general “single input regulatory module” in which a single
transcription factor regulates several downstream target genes. Target gene expression
showed the highest temporal coordination when activated by fluctuating inputs of the
transcription factor, such as that generated by pulsatile dynamics or a high level of noise.
Additionally, fluctuating inputs enabled the coordination of multiple downstream target
genes without an overall increase in the cost imposed on cells when activating stress
response genes. In support of these predictions, Meouche and colleagues used time-lapse
fluorescence microscopy to show that stochastic expression of MarA, a key transcription
factor regulating numerous downstream targets required for multidrug resistance in £. colj,
correlated with transient resistance of a subpopulation of cells in the presence of antibiotics
[54].

The potential benefits of noise in coordinating multiple target genes within a pathway was
further explored by Stewart-Ornstein and colleagues [55]. They developed a noise-based
method to identify clusters of genes with a common upstream regulator in yeast cells. Using
single-cell correlation analysis, they identified gene regulatory networks based on the
concept that noise generated by an upstream regulator can be transmitted to its downstream
target genes. Based on pair-wise correlations of yeast proteins tagged with the fluorescent
proteins mCherry or GFP, the authors inferred gene regulatory networks by identifying
“noise regulons,” i.e., groups of proteins with strongly correlated stochastic fluctuations in
their expression. Noise regulons were identified in multiple well-known pathways, including
stress response, amino acid biosynthesis, and mitochondrial regulation, suggesting that gene
coordination through stochastic fluctuations may be important for coordinating multiple
target genes required for a variety of cell physiological needs. Future work will be required
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to more directly determine the extent to which noise confers functional benefits in the
individual pathways.

Effects of Noise on the Channel Capacity of Signal Transduction Networks

In addition to characterizing the potential sources of noise and their impact on gene
expression, single cell approaches have more recently been applied upstream of gene
regulation to study the integral role noise plays in signal transduction systems. One
particularly interesting feature recently analyzed is the channel capacity of a signal
transduction pathway. Channel capacity is a general characteristic of signaling systems,
whether they are electronic circuits or kinase cascades, that defines the maximal amount of
information that can be transduced along a pathway given the amount of noise present in the
pathway components [56-58]. The amount of information is given in units of bits, with n
bits corresponding to 2”7 possible output states that can be distinguished for a given range of
inputs. For a greater amount of noise in a system, one generally finds a reduced channel
capacity owing to the inability to distinguish between distinct possible states of the signal
being transduced (Figure 3).

Recent studies have quantified the channel capacity of a variety of biological systems.
Building on previous work applying information theory approaches to neural signaling [59,
60] and transcription factor activity in Drosophila embryo patterning [61], several groups
quantified the channel capacity of kinase networks. For the quorum sensing systems in the
prokaryote V. harveyi, Mehta and coworkers calculated that the channel capacity for each of
the Kinases responding to the presence of auto-inducer stimuli is in the range of 0.6-1.5 bits
[62]. Thus, for these signaling systems operating with a channel capacity on the order of 1
bit, only two possible output states can reliably be encoded over the physiological range of
stimuli. One could interpret these two states as an “off” state and an “on” state for the
absence or presence of an input signal, respectively.

Information theoretic approaches have also determined the channel capacity of several
mammalian signaling systems. Using immunocytochemistry of individual cells, Cheong and
colleagues quantified the concentrations of the transcription factor nuclear factor-kappa B
(NF-xB) in response to TNF stimulation [63]. They determined that the channel capacity for
the TNF response in any given cell was about 1 bit, similar to that for the V/ harveyi quorum
sensing pathways [63]. Analysis of several other pathways including signaling by platelet-
derived growth factor, epidermal growth factor, and G protein-coupled receptor signaling
also revealed channel capacities on the order of 1 bit [56], indicating a potentially common
limitation generated by noise for multiple signaling systems in both prokaryotes and
eukaryotes.

How then might cells distinguish a greater variety of signaling states beyond a binary
system? One possible method is to reduce the noise in the system. Negative feedback is a
common mechanism for reducing noise levels in electrical circuits, and previous studies
have shown that negative feedback loops are one potential mechanism for attenuating noise
in biological circuits [64, 65]. However, noise reduction via negative feedback may come at
the cost of reduced signal sensitivity [66], and there are fundamental limits for the extent to
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which noise suppression can occur [67]. In addition, at least for the NF-xB response to TNF
stimulation, negative feedback has experimentally been found to increase channel capacity
by only a modest amount [56]. Another method for cells to increase the possible number of
output states for a signaling network is to integrate information from several parallel
pathways. Analogous to a string of zeroes and ones being used in digital circuits to represent
a larger number of output states, separate signaling molecules individually distinguishable as
only a high or a low level could be combinatorially arranged to generate a larger number of
cellular output states. It has been speculated that such a system could have evolved in early
Drosophila embryo patterning as a mechanism for generating multiple states of positional
information from the combinatorial activation of four different transcription factor genes
(hunchback, krijppel, giant, and knirps)[61]. Another potential mechanism for increasing
information in a signaling network is for a group of cells to act as an ensemble in responding
to a given signal, relying on cell-to-cell communication via diffusible signals to minimize
the effects of information loss from biochemical noise. Cheong and coworkers calculated
that for the NF-xB response to TNF, even a modestly sized ensemble of 14 cells could
theoretically increase the channel capacity of the signaling pathway to nearly double the
number of bits [56].

Another particularly intriguing method by which biological systems can circumvent
signaling bottlenecks generated by biochemical noise is to make use of temporal dynamics.
As an illustrative example of the power of temporal sampling, consider Morse code, in
which one of two states — a “dot” or a “dash” — is possible at any given time for a
transmitted signal. Even though the signal is represented by two possible states, by
considering a string of these two states over time — a chain of dots and dashes—the number
of possible messages (and thus the information that can be transmitted via Morse code) is
limitless. In biological contexts, it has been well-established that neural circuits make use of
temporally encoded information via the frequency of neural spikes [68]. More recently,
fluorescence microscopy approaches have shown that several intracellular signaling systems
including the ERK, Ca*2, and NF-xB pathways can make use of dynamics to reduce
information loss due to extrinsic noise [69]. Complex temporal regulation has been
identified in several eukaryotic signaling networks through the use of time-lapsed
fluorescence microscopy. For example, oscillatory dynamics have been observed in a variety
of systems including the Ca*2 [70-73], NF-xB[23, 74, 75], p53 [22, 76-78], and ERK [79—
81] signaling pathways. With greater use of single-cell approaches to track the dynamics of
important signaling molecules, it is likely that we may yet identify additional mechanisms
by which cells have evolved dynamic-encoding schemes to increase the information content
of signaling pathways to circumvent limitations of biological noise.

Noise Can Enhance Dynamic Signal Processing

Novel single cell fluorescence microscopy-based studies have shown that cells can
potentially harness noise not only to promote the coordination of target gene expression but
also to improve dynamic signal processing. For example, recent studies have shown that
biological noise in nonlinear, oscillatory systems can facilitate signal amplification and
induce cellular heterogeneity. Experimental and computational work has shown that noise
can improve signal detection of dynamic inputs using either stochastic resonance, i.e., where
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noise fluctuations promote the detection of weak signals,[82, 83] or stochastic focusing, i.e.,
where noise fluctuations enable a system with a gradual response mechanism to function as
if it has a threshold response mechanism [84, 85]. Stochastic resonance, in particular, has
been shown to be beneficial for increasing the sensitivity of biological signaling networks by
modulating the periodic input to entrain, or synchronize, oscillators in a cell to generate an
amplified response [86—90]. Entrainment occurs when an oscillator becomes phase-locked
with a driving stimulus, i.e., when the natural frequency of the biological oscillator matches
that of a periodic input. Such a condition enables a system to have increased sensitivity to a
weak input signal. Entrainment has been observed in circadian clocks [91] as well as sensory
neuron processing [92].

Recent single cell fluorescence microscopy studies have shown the importance of
entrainment in dynamic signal processing. Kellogg and Tay demonstrated how noise and
oscillations positively impact the extensively studied NF-xB signaling network [93]. Using a
microfluidic-based approach to deliver sustained or dynamic TNF cytokine signals to live
cells, they tracked fluorescently-tagged NF-xB in individual cells and assayed NF-«xB target
gene expression (Figure 4A). They determined that the NF-xB system achieves entrainment
and synchronizes oscillations at specific TNF input frequencies, leading to improved gene
expression efficiency and reduced cell-to-cell variability [93].

Intrinsic and extrinsic noise impact entrainment differently, enabling signaling pathways to
carry out distinct functions. Kellogg and Tay used a stochastic model based on the nonlinear
binding of NF-xB to DNA to demonstrate that entrainment in the NF-xB pathway was
enhanced by intrinsic noise (Figure 4B), which directly amplified the NF-xB oscillations to
strengthen the transcriptional output and improve gene expression efficiency [93].
Conversely, intrinsic noise can be leveraged to disrupt entrainment and maintain robust
single cell oscillations in the presence of cellular perturbations, and is predicted to be
important for the overall coordination and stability of population-level responses. Paszek and
colleagues showed that the NF-xB pathway implements a dual delayed feedback motif,
which involves the optimally timed stochastic transcription of the NF-xB inhibitors IxBa
and IxBe, to generate robust oscillations in individual cells [94, 95]. The importance of
noise for maintaining robust oscillations in the presence of a fluctuating environment has
also been observed in Ca*2 signaling [96]. While intrinsic noise can facilitate or disrupt
entrainment to evoke specific functions, extrinsic noise can enhance entrainment by
providing population diversity, which promotes bet-hedging mechanisms in unpredictable
environments [97, 98]. Kellogg and Tay used stochastic modeling to demonstrate that
extrinsic noise facilitates bet-hedging mechanisms by inducing variability in the natural
period of NF-xB, ensuring that a subpopulation of cells can entrain to a wide range of TNF
input frequencies [93].

Entrainment of individual oscillators may also prove useful for the development of robust
large-scale synthetic oscillators. Mondragdn-Palomino and colleagues applied single cell
time-lapse fluorescence microscopy and computational modeling to monitor hundreds of
bacterial synthetic oscillators. They identified extrinsic noise as the source of stochastic
variability, enabling the oscillators to entrain to a wide range of frequencies [99].
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Outlook and Opportunities

We have discussed numerous studies demonstrating the complex nature of noise in gene
regulation and signal transduction. In certain conditions, noise presents a challenge to cells,
as was shown in studies addressing channel capacity; in other conditions, cells may leverage
noise, as was shown in examples where noise enhanced dynamic signal processing. There is
much work needed to fully understand the sources and impact of biological noise, and this
effort will likely require the development of novel single cell technologies based on
fluorescence microscopy. For example, single-cell correlation analysis is an important tool in
the study of noise propagation; however, it provides a limited view when only a single time
point is considered, as cellular networks are dynamic [55, 100, 101]. Another pressing
challenge in studies probing the contributions of noise in signal transduction is the ability to
study the coordination of multiple network nodes simultaneously and dynamically in cells.
To address these questions, new methods and technologies that enable combinatorial
labeling and multiplex detection of MRNAS or proteins with single molecule sensitivity will
likely need to be developed. In addition, the study of noise propagation in signaling
networks remains a difficult task in multicellular tissues and will require technologies that
can detect mRNAs or proteins with single molecule sensitivity in dense, opaque matter [102,
103]. With the development of advanced fluorescence imaging methods and technologies, as
well as integration of knowledge obtained through the emerging fields of single cell “omics”
approaches, we expect future studies to continue to unravel the intricate role of noise in
dynamic gene regulation and signal processing.
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Research Highlights

fluorescence-based approaches have advanced our understanding of biological
noise

recent studies highlight the importance of noise in gene regulation and
signaling

cells have evolved methods to circumvent limitations generated by noise

in some situations, mechanisms have evolved to generate benefits from noise
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Extrinsic noise contribution

Single cell distribution
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YFP fluorescence
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Figure 1.
Components of gene expression noise. Gene expression noise can be decomposed into

intrinsic and extrinsic contributions in single cells using two distinguishable fluorescent
reporter genes, CFP and YFP, expressed from identical promoters and integrated at distinct
genomic loci. Extrinsic noise produces proportional CFP and YFP expression in each cell.
Intrinsic noise produces independent CFP and YFP expression in each cell. Adapted from
[21].

J Mol Biol. Author manuscript; available in PMC 2018 April 21.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

Harton and Batchelor

Page 19
A
CD, . A
&
4 \ LS B
—_—)) G
o E
(w  [em .
[nuclear Crz1]
B
71 & 9 snesssaese A ° A
Nfee oo ecceoce concee 3 2 B
(&) . s
3 —» s
° 2 E
, H : @
@ 1 Time [Ca*]
[}
3 « target gene A mRNA
5 « target gene B mRNA
3 A
- 5 [sse: wes sesivsessenee A o
Time G iwe o5 ow e 0s. 00 B o < B
Pl = o Z
@ —» 5
52 o E
g @
2 [
- [Ca*]
Figure 2.

Frequency-modulation of stochastic nuclear bursts facilitates gene expression coordination
in yeast. A) In response to Ca2*, the Crz1 transcription factor localizes to the nucleus in
stochastic bursts to activate target genes A and B. Target gene promoters have differential
responses to activation by nuclear Crz1 due to variations in affinities or cooperativities (blue
and red curves). B) For amplitude-modulation regulation (top panels), an increase in Ca2*
leads to a proportional increase in nuclear Crz1 levels (gray line), generating different ratios
of expression of target gene A (blue dots, blue curve normalized to maximal expression)
relative to target gene B (red dots, red curve normalized to maximal expression) for different
Ca?* concentrations. For frequency-modulation regulation (bottom panels), an increase in
Ca?* generates stochastic nuclear localization of Crz1 (gray line) that produces a fixed ratio
of expression of target gene A (blue dots, blue curve normalized to maximal expression)
relative to target gene B (red dots, red curve normalized to maximal expression) regardless
of the Ca?* concentration. Adapted from [3].

J Mol Biol. Author manuscript; available in PMC 2018 April 21.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuepy Joyiny

1duosnuely Joyiny

Harton and Batchelor

Page 20
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Fewer distinguishable output states due to More distinguishable output states due to
large overlap of response distributions reduction in overlap of response distributions
Uncertainty of response
—
Low High Low Intermediate High

response response

response response response

Probability of
output
Probability of
output

Output Output
— —~
Higher variability in Lower variability in
output due to noise output due to noise

Figure 3.
Limitation of the channel capacity of a signal transduction system by noise. A) Biochemical

noise increases the variability in biological response distributions (red and blue output
distributions), increasing the region of overlap between output distributions and resulting in
a reduction of the possible number of distinguishable output states. B) For a signal
transduction pathway with lower noise, the variability in an output response distribution is
smaller, generating a higher number of distinguishable output states. Adapted from [56].
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Time

Enhancing the sensitivity of biological oscillators through entrainment. A) Entrainment
occurs when biological oscillators become phase-locked with a driving stimulus such that
the natural frequency of the oscillator matches the frequency of the input signal. Oscillators
such as the transcription factor NF-xB can generate a greater output when entrained, such as
more highly activating downstream target gene expression. B) Both intrinsic and extrinsic

noise can facilitate entrainment. Adapted from ref. [93].
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