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Stochastic gene expression: from single molecules to the

proteome

Benjamin B Kaufmann'? and Alexander van Oudenaarden’

Protein production involves a series of stochastic chemical
steps. One consequence of this fact is that the copy number of
any given protein varies substantially from cell to cell, even
within isogenic populations. Recent experiments have
measured this variation for thousands of different proteins,
revealing a linear relationship between variance and mean level
of expression for much of the proteome. This simple
relationship is frequently thought to arise from the random
production and degradation of mRNAs, but several lines of
evidence suggest that infrequent gene activation events also
bear responsibility. In support of the latter hypothesis,
single-molecule experiments have demonstrated that mRNA
transcripts are often produced in large bursts. Moreover,

the temporal pattern of these bursts appears to be correlated
for chromosomally proximal genes, suggesting the existence of
an upstream player.
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Introduction

Within the confines of individual cells, minute changes in
the concentration or spatial arrangement of molecular
species can produce substantial effects. For example, a
transcription factor equally prevalent in two Escherichia coli
might be bound to a promoter in one and unbound in
another, subject to the dictates of statistical mechanics.
Protein production would consequently begin in one cell
and not the other, amplifying the fluctuation and propel-
ling each cell to a different fate. Identical genotype and
growth environment are thus insufficient to ensure that two
cells will develop the same phenotypes, an observation
with a long history of investigation (for example, see [1-6]).

A major goal of recent research has been to identify and
differentiate between the myriad possible origins of this

variability, to understand which are important and which
are not, and to put firm numbers on each of them.
Although biochemical fluctuations influence all stages
of gene expression, those involving molecules in extre-
mely low abundance are expected from a statistical
standpoint to be larger in magnitude and therefore to
contribute disproportionately to the overall variation
between cells. Validating this idea has required techno-
logical feats, described in part below, that include novel
single-molecule assays and genome-wide noise surveys.
As a result, a clear picture of which types of noise exist in
cells and how they influence biological processes is now
emerging.

Measuring noise

Noise experiments commonly begin with the insertion of
a reporter gene (e.g. green fluorescent protein driven by a
promoter of interest) into the genome. Cells are then
cultured, usually in a swirling flask to provide a uniform
environment. Finally, the fluorescence of many individ-
ual cells in that population is ascertained by microscopy or
flow cytometry [7-12,13°°,14°°,15-17]. Alternatively,
individual cells can also be followed over time, yielding
important information on the dynamics of stochastic gene
expression [10,16,18-24].

To quantify the heterogeneity of the population, the
variance across the population divided by the mean
squared is typically used, a parameter called the ‘noise’.
The specific measurable used to compute this differs
from experiment to experiment, with options including
total fluorescence, mean fluorescence, or fluorescence
among cells that share similar morphological traits. Differ-
ent choices tend to emphasize different aspects of cell-to-
cell variation. Measurements using total cell fluorescence,
for example, invariably include not only stochasticity in
gene expression but also variation in cell size, and there-
fore best describe the diversity of a growing asynchronous
population. Selecting cells all at one stage in the cell
cycle, by contrast, reduces this ‘growth’ heterogeneity,
enabling more sensitive detection of the underlying bio-
chemical noise [11,12,14°°,15,24,25,26°°].

mRNA fluctuations

Individual studies have targeted many candidate noise
sources, providing important proofs of principle that noise
in gene expression is influenced by numerous parameters
such as chromosomal position [8,14°%,27°], the presence of
upstream regulators [8—11], and ‘global’ factors that impact
all genes or proteins ez masse [10-12,13°°,14°°,16,25]. But
which are most important? Two recent studies, both in
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Saccharomyces cerevisiae, have broadened our perspective in
this regard. Newman ¢ a/. [14°°] used high-throughput
flow cytometry to examine more than 2500 green fluor-
escent protein (GFP)-tagged fusion proteins, providing a
broad survey of protein noise. Bar-Even ez a/. [13°°]
measured only 43 fusions, but each was examined in 11
different experimental conditions, and the authors com-
bined their measurements with a comprehensive modeling
approach. Both studies made the same central observation:

for the great majority of proteins, noise level is inversely
proportional to the mean level of expression.

These findings support the long-held hypothesis [3,5,28-
32] that protein noise originates in the random production
and decay of low-copy mRNAs. In this view, referred to in
Figure 1 as the ‘Poisson’ scenario, transcription occurs
with constant probability over time, with single uncorre-
lated mRNAs being randomly produced and randomly
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Comparison of three possible noise sources using the Gillespie algorithm. Rows show the activation state of the promoter (a,b,c blue), the
mRNA transcript level (d,e,f red) and protein level (g,h,i green). The first vertical column describes a situation in which only protein creation and
destruction are noisy. This scenario is not compatible with most experiments because the calculated noise levels are far lower than the
measured values. The second column, referred to in the main text as the ‘Poisson’ scenario, assumes constant promoter activation (b) and
includes noise only in mMRNA production and destruction (e). Protein production then follows deterministically (h). The defining features of this
scenario are an mRNA noise exactly equal to the inverse of the mean, and a protein noise that scales inversely with the mean [28]. The third
column, described in the text as the ‘Telegraph’ scenario, assumes that the promoter becomes active only for short bursts (c) during which
transcripts are made. In this figure, mMRNA and protein production are then allowed to follow deterministically. Unlike the ‘Poisson’ scenario,
mRNA noise is not equal to one over the mean, but is merely proportional (f). However, like the ‘Poisson’ scenario the protein level can under
certain circumstances also be inversely proportional to the mean (see main text and (i)). In the equations, 7 is the level of noise, defined as the
variance divided by the mean squared. The subscripts g, m and p represent the fraction of the genes that are active, the mRNA level and the
protein level, respectively. Angled brackets represent population averages. A, and 1, are the mRNA and protein production rates, respectively,
whereas 7, is the mRNA half-life. b is the off rate of the activated promoter in the ‘Telegraph’ scenario, assumed here to be a constant.
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destroyed. The defining feature of this model is that the
steady-state mRNA levels across a population will follow
a Poisson distribution, where noise equals exactly one
over the mean number of mRNA molecules with no
proportionality constant required (Figure 1e) [28]. Deter-
ministic protein production would then amplify the
mRNA fluctuations, giving rise to a protein noise that
scales inversely with the mean with a proportionality
constant equal to the average number of proteins pro-
duced per mRNA (Figure 1h), consistent with the exper-
imentally observed scaling.

For this simple scaling to be true, the average number of
proteins made per mRNA must not vary too dramatically
from gene to gene; for example, as a result of mRNA-
specific post-translational modifications or variations in
ribosome binding affinity. Otherwise, protein production
will not simply amplify mRNA noise by a constant that
represents the average number of proteins produced per
mRNA (see next section and Figure 1h). However, Bar-
Even e al. [13°°] were able to calculate a value, ~1200
proteins per mRNA, that allows a good fit to their data.
Given that there appears to be no fundamental reason
why such translational protein bursts should be approxi-
mately constant across the genome, an important test of
this model will be to use single-molecule techniques to
directly measure the protein burst sizes for the mRNAs
examined in this study and across the yeast protcome to
see if they can indeed be approximated by a constant.

The trend fails for highly transcribed genes. In this subset
of genes, noise levels settle to a constant value that is
independent of the mean level [13°°,14°°]. The likely
reason is that mRNAs for these proteins are so abundant
that noise in their production is overshadowed by other
noise sources such as differences between cells in the
number or concentration of essential machinery like
polymerases, ribosomes or ATP [10-12,13°%,14°°/16].
Indeed, using a ‘two-color’ approach (see [12]), Newman
et al. [14°°] showed that the contribution mRNA fluctu-
ations make to the total noise continued to follow the
simple proportionality found for most genes.

Both studies also help substantiate the indirect popu-
lation-level arguments of Fraser e7 4/. [33] that show that
genes whose deletion is lethal typically have lower noise
levels than dispensable genes with comparable means. As
specific examples, inessential stress genes are indeed
found to be noisy, whereas those coding for indispensable
protein degradation machinery show little cell-to-cell
variation [13°%,14°°]. Together, these three studies thus
argue that noise is biologically relevant and even selected
for in evolution.

A study from the laboratory of Sunney Xie [34°] provides
additional support for the ‘Poisson’ picture as described
above in K. co/i. Normally, it is not possible to observe

single molecules of yellow fluorescent protein (YFP) in
living cells, because their signal is diluted by rapid
diffusion throughout the cytoplasm. This group overcame
the challenge and was able to detect single molecules of a
fast-maturing variant of YFP by tethering them /7 vivo to
the cell membrane, thereby slowing their diffusion [34°].
Coupled with a mathematical analysis, their data then
showed that leaky expression from the repressed /Jac
promoter was probably the result of single uncorrelated
mRNAs that were then translated into geometrically
distributed bursts of protein [34°].

Many essential proteins are often present in extremely
low numbers. Extrapolating the scaling rule found by Bar-
Even er al. [13°°] for medium-expressing genes, where
protein variance is 1200 times the mean level, Baetz and
Karn [35] pointed out that a mean protein level of 200
would correspond to a 500-protein standard deviation,
leading presumably to lethal conditions in many cells. In
principle, compensatory measures such as negative feed-
backs [7] can reduce noise levels below this Poisson limit,
but achieving this in practice is quite difficult. Newman
et al. [14°°] find very few proteins whose noise lies below
this level, which suggests that such motifs are not often
used, at least not in medium-expressing genes. Unfortu-
nately, cellular background autofluorescence prevented
both large-scale proteome studies from directly observing
these weakly transcribed genes [13°°,14°°]. In the future
this limitation might be overcome using, for example, a
gene amplifier circuit [8] or using single-protein tech-
niques [20,34°].

These studies clarify that average expression level is the
primary predictor of noise level for much of the proteome.
However, although all three implicate mRNA noise as the
most likely explanation for the observed scaling, none
measures mRNAs directly, leaving some room for doubt
as to whether the observed scaling is due entirely to
Poisson mRNA fluctuations. As Bar-Even e a/. [13°°]
note, infrequent gene activation events might also
explain the observed relationship between noise and
mean level under certain circumstances (see Figure 1i).
"This possibility is discussed next.

Direct observations of transcriptional
‘bursting’

The ‘Poisson’ scenario is not the only interpretation
consistent with the data. An alternative is that promoters
toggle between active and inactive states, reminiscent of
what is sometimes called a telegraph process. In this case,
lengthy periods of zero transcription are punctuated by
the production of numerous mRNAs in quick succession
— a transcriptional ‘burst’ [9,15,27°,36,37]. As in the
‘Poisson’ scenario, the steady-state mRNA and protein
noise might also scale inversely with the mean, but with a
proportionality constant determined by the promoter
activation kinetics as well as the rates of protein and

www.sciencedirect.com

Current Opinion in Genetics & Development 2007, 17:107-112



110 Chromosomes and expression mechanisms

mRNA production and the mRNA decay time (see
Figure 1). At the protein level, this simple proportionality
appears only under certain circumstances: when genes are
mostly inactive; when the frequency of activation events
is comparable to the rate of protein degradation; and when
the average transcriptional burst size is similar between
genes [13°°]. To confirm if such bursting takes place, the
nail in the coffin would be direct real-time observations of
individual proteins and mRNA transcripts in living cells
[20,26,27°,34°,37]. Several new techniques have recently
become available that allow just such observations.

One approach developed by Robert Singer and collabor-
ators allows real-time observation of mRNAs as they are
born and diffuse about the cell [38,39]. The technique
works by genetically adding a series of hairpin binding
sites to the untranslated region of any RNA. These sites
allow the docking of GFP molecules fused to the RNA
binding protein MS2, which is constitutively expressed.
When an mRNA is produced, the GFP molecules rapidly
aggregate, forming a visible spot within the cell [38,39].
Golding er al. [26°°] optimized this technique to allow
precise quantification of transcript level produced by a
synthetic variant of the /ac promoter in living E. co/i cells
[40]. The trajectories made visible for the first time what
had previously been at most inferred: transcriptional
bursts are real. Moreover, they happen even in bacteria,
which lack many of the regulatory complexities of eukar-
yotes [26°°]. The study proceeds to quantify this obser-
vation, showing that the proportionality constant between
the mRNA variance and mean is four, and not unity as
would be expected in the absence of bursting (compare
Figure 1d and Figure le) [26°°]. The same technique
applied in the amoeba Dictyostelium discoideum also
revealed transcriptional bursts [37], the first such direct
examination in cukaryotes. Unlike the two bacterial
studies [26°%,34°], Dictyostelium cells that produced one
burst of RNA were found to be more likely to produce a
second burst at a later time, an observation the authors
refer to as ‘transcriptional memory’ [37]. However,
this disparity might not signify any general differences
between prokaryotes and eukaryotes, but rather simply
reflect differences in complexity of the specific promoters
examined.

Perhaps the most dramatic example of transcriptional
bursting to date comes from a study in mammalian
Chinese hamster ovary (CHO) cells. Employing a detec-
tion method similar to fluorescent 7z sifu hybridization
(FISH) where fluorescent DNA probes called molecular
beacons are annealed to mRNAs in fixed cells, Raj ez a/.
[27°] observed massive transcriptional bursts in both
synthetic reporter genes as well as the natural RNA
polymerise II gene. Cells actively producing transcripts
at the time of fixation showed bright clusters of mRNAs
within the nucleus, suggesting that diffusion had not yet
taken its course for these transcripts. Other cells showed a

smaller number of mRNAs uniformly distributed about
the cell [27°]. As a result, the variance of mRNAs between
cells was found to be forty times greater that the mean,
strongly supporting the “Telegraph’ picture (Figure 1e,f).

In addition, when two distinguishable but otherwise
identically regulated reporter genes were integrated in
two distinct chromosomes, their bursts were found to be
entirely uncorrelated. However, when the reporter genes
were moved adjacent to one another at a single chromo-
somal locus, their mRNA expression patterns became
almost fully correlated [27°], consistent with experiments
in yeast cells on weakly expressed genes [8]. This finding
implicates events upstream of transcription, and not the
production of mRNA transcripts per se, as being respon-
sible for the observed noise. The authors simultanecously
measured the transcripts of both the reporter gene and the
RNA polymerase II gene and found their bursts to be
uncorrelated, thereby also ruling out global fluctuations in
polymerase concentration as being relevant to the noise of
individual genes [27°]. It has been speculated that the
entire locus associates with a transcriptionally active
region of the nucleus [8]. In possible disagreement with
these studies, the genome-wide study of Newman ez a/.
[14°°] found that genes residing adjacent to one another
on a chromosome are as unrelated in noise properties as
any two randomly chosen genes. Whether or not these
studies are really at odds remains to be seen, because
the effects of chromosomal position on noise might
simply be more noticeable in weakly expressed genes
or in mammalian cells [8,27°].

Conclusions

The relative contributions of mRNA and promoter noise
on the overall noise architecture of bacterial and eukar-
yotic cell populations remains imperfectly known, with
genome-wide assays giving a tentative nod to the former
whereas single-molecule assays find strong evidence in
some cases for the latter. The steady march of techno-
logical innovation is likely to settle the matter soon,
however. Yet to be combined are high-throughput and
single-molecule methods, which would allow single-
protein or mRNA resolution for the numerous weakly
expressed genes that are most vulnerable to stochastic
variation. Likewise, it is only a matter of time before
single-mRNA and single-protein assays are combined to
allow direct measurement of protein bursts at a known
mRNA number. Finally, these combined experiments
will need to be done across a variety of organisms to
determine whether noise properties can be generalized
across phyla.
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