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Fig. P1. A simple example: quantifying transcriptional and translational
to determine this
To illustrate our theory,
variation. By conditioning on the history of mRNA levels, M H , and of all
component and all others.
processes extrinsic to gene expression,Y eH , we can decompose the variance in
we define transcriptional
Intuitively, the effect of
the level of the protein, Z, into three components. For example, translational
and translational variation
fluctuations in one
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and show how such
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fluorescent proteins
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by comparing the expected
translated from a
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individual cell. For Z versus Z 0 , scatter perpendicular to the diagonal Z ¼ Z 0
when the first,
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(Fig. P1). For a standard
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model of gene expression,
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“fixed”. Our general
for these components by
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including conjugate reporters in the mathematical model we
analyze. We expect this analysis technique to be widely
applicable for evaluating variance components using stochastic
models of biochemical networks.
Much gene expression is initiated by signaling networks, and
we go on to explore how fluctuations in the environment and
upstream signaling can affect downstream gene expression.
Using a three-component decomposition, we reanalyze
previous measurements of the response of budding yeast to
extracellular pheromones (2) and conclude that, in this
example, variation from signal transduction is less substantial
than variation arising from other processes extrinsic to gene
expression.
Variation in gene expression is also a consequence of
information flowing through signaling networks from the
extracellular environment. We identify a component in our
decomposition whose size relative to the variance of the
output, Z, typically indicates how readily a network can
“decide” the state of the extracellular environment from the
level of Z. For an environmental input, X (for example, the
concentrations of a collection of ligands), we express this
informational fraction of the output variance as
V fE½ZjX$g∕V ½Z$, where E denotes expectation and V
denotes variance. As the informational fraction tends to its
maximum value of one, the distributions of outputs
corresponding to each state of the input become more distinct
from one another. Consequently, it is easier to unambiguously
identify the state of the input: More values of output can be
uniquely identified with an input state because the overlap
between the (conditional) output distributions decreases.
We apply our results to measurements of sensing of osmotic
stress by budding yeast (3) and show that informational
variation can be the dominant source of variation. As much as
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80% can be informational if we include variation generated in
response to changes in the environment’s osmolarity. By
finding probability distributions of osmotic stress that
maximize the informational fraction we can, with some
caveats, make predictions about the types of environment
most faithfully detected by budding yeast’s osmosensing
network. These environments have frequent low levels of
osmotic stress and infrequent high levels.
A challenge when investigating variation in any system is
the influence of the wider stochastic environment in which the
system is embedded. Although previous work decomposed
variation into intrinsic and extrinsic components (4, 5), there
was no means to identify the processes generating variation or
to quantify their effects. Our general decomposition and
conditions for conjugate reporters provide just such a means.
They are essential knowledge for experimental design:
Although constructing reporters may sometimes be difficult,
these difficulties may not even be apparent, let alone solved,
without precisely knowing the properties required of the
reporters. Our results hold for any stochastic dynamic system
at any point in time and, taken together, thus provide a
general mathematical foundation for studies of cellular
variation.
1. Bowsher CG (2010) Stochastic kinetic models: Dynamic independence, modularity and
graphs. Ann Stat 38:2242–2281.
2. Colman-Lerner A, et al. (2005) Regulated cell-to-cell variation in a cell-fate decision system. Nature 437:699–706.
3. Pelet S, et al. (2011) Transient activation of the HOG MAPK pathway regulates bimodal
gene expression. Science 332:732–735.
4. Elowitz MB, Levine AJ, Siggia ED, Swain PS (2002) Stochastic gene expression in a single
cell. Science 297:1183–1186.
5. Swain PS, Elowitz MB, Siggia ED (2002) Intrinsic and extrinsic contributions to stochasticity in gene expression. Proc Natl Acad Sci USA 99:12795–12800.

Bowsher and Swain

