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Noise in Gene Expression:
Origins, Consequences, and Control

Jonathan M. Raser'? and Erin K. O’Shea®*{

control of noise in gene expression.

Genetically identical cells and organisms exhibit remarkable diversity even when they
have identical histories of environmental exposure. Noise, or variation, in the process of
gene expression may contribute to this phenotypic variability. Recent studies suggest
that this noise has multiple sources, including the stochastic or inherently random nature
of the biochemical reactions of gene expression. In this review, we summarize noise
terminology and comment on recent investigations into the sources, consequences, and

ny individual in a population of living
A organisms or cells is unique. Much of

population variability is due to genetic
differences, but environment and history also
contribute to variability in cellular
phenotype. Indeed, identical twin
humans or cloned cats differ in
appearance and behavior (Fig. 1).
However, even cells or organisms
with the same genes, in the same
environment, with the same history,
display variations in form and be-
havior that can be subtle or dramatic.
Investigations have focused on the
possibility that such variability is
inevitable in biological systems
because of the random nature of
chemical reactions within a cell (7).
When large numbers of molecules are
present, chemical reactions may pro-
ceed in a predictable manner. How-
ever, when only a few molecules of a
specific type exist in a cell, stochastic
effects can become prominent.

Gene expression, as defined by
the set of reactions that control the
abundance of gene products, influ-
ences most aspects of cellular be-
havior, and its variation is often
invoked to explain phenotypic dif-
ferences in a population of cells.
Because DNA, RNA, and proteins
can be present and active at a few
copies per cell, the abundance of
gene products is theoretically sensitive to
stochastic fluctuations. Four potential sources of
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variation in gene expression must be considered:
(i) as described above, the inherent stochasticity
of biochemical processes that are dependent on
infrequent molecular events involving small

Fig. 1. Examples of possible stochastic influences on phenotype. (A) The
fingerprints of identical twins are readily distinguished on close
examination. Reprinted from (37) with permission from Elsevier. (B) Cc,
the first cloned cat (left) and Rainbow, Cc’s genetic mother (right), display
different coat patterns and personalities (38). Photo credit, College of
Veterinary Medicine and Biomedical Sciences, Texas A&M University.

numbers of molecules; (ii) variation in gene
expression owing to differences in the internal
states of a population of cells, either from
predictable processes such as cell cycle pro-
gression or from a random process such as par-
titioning of mitochondria during cell division;
(iii) subtle environmental differences, such as
morphogen gradients in multicellular develop-
ment; and (iv) ongoing genetic mutation, either
random or directed. We use the term “noise” in
gene expression to refer to the measured level of

variation in gene expression among cells, re-
gardless of source, within a supposedly identical
population.

Measurement Techniques and
Definitions

Recent investigations have employed green
fluorescent protein (GFP) variants, which allow
the quantification of protein levels in living cells
by flow cytometry or fluorescence microscopy.
The coefficient of variation, or noise 1, is defined
as the ratio of the standard deviation to the mean
of the population. Other metrics of variability
can be useful as well (SOM Text).
Once genetic mutation and local
microenvironments are eliminated as
sources of noise, an elegant experi-
mental method can assist in differ-
entiating among the remaining sources
(2). This method involves quantifying
expression of two equivalent, indepen-
dent gene reporters placed in the same
cell, which then allows noise sources to
be partitioned into two categories:
intrinsic, meaning noise sources that
create differences between the two
reporters within the same cell (Fig.
2A), and extrinsic, referring to sources
that affect the two reporters equally in
any given cell but create differences
between two cells (Fig. 2B). Stochastic
events during the process of gene ex-
pression, from the level of promoter-
binding to mRNA translation to
protein degradation, will manifest as
intrinsic noise. Differences between
cells, either in local environment or
in the concentration or activity of any
factor that affects gene expression,
will result in extrinsic noise. Extrin-
sic noise should be further sub-
divided into two categories (3, 4):
global noise, or fluctuations in the
rates of the basic reactions that affect ex-
pression of all genes (Fig. 2C), and gene-
or pathway-specific extrinsic noise (Fig. 2D),
such as fluctuations in the abundance of a
particular transcription factor or stochastic
events in a specific signal transduction
pathway. If a factor that causes extrinsic noise
is experimentally manipulable, it is possible to
eliminate such extrinsic noise by reduction of
variability in that factor; for example, cell
cycle synchronization will reduce extrinsic
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noise due to differences in cell cycle stage in a
population (Fig. 2E).

Experimental Investigation of
Noise Sources

The division of noise into “extrinsic” and
“intrinsic” categories has proven practical ex-
perimentally. Elowitz et al. pioneered the two-
reporter method in studies of noise in
gene expression in Escherichia coli,
which quantified levels of cyan and

Extrinsic noise is the primary source of variabil-
ity in gene expression, similar to the observation
in budding yeast. The authors calculated auto-
correlation times for noise, or the time scale over
which the protein production rate fluctuates in
any given cell (Fig. 2, F to H). The auto-
correlation time for intrinsic noise is <10 min,
consistent with the hypothesis that rapid fluctua-
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subject to position-effect variegation (/3). The
reporter gene displays an expression pattern sug-
gestive of repeated rounds of stochastic activa-
tion and inactivation of gene expression, resulting
in patches of cells expressing the reporter.
Fluctuations in the chromatin state of the reporter
gene uncover transcription-factor binding sites,
and recruitment of chromatin-modulating activ-
ities after transcription-factor binding
slows the rate of heterochromatin
reformation. In another eukaryotic
system, each allele of the gene
encoding the cytokine IL-4 is ex-
pressed in a probabilistic manner in
response to signaling through the T
cell receptor (TCR) in mouse T
helper 2 lymphocytes (14, 15). The

probability of expression for each

F allele is independent of its parental

origin and increased with the
strength of TCR stimulation, leading
to biallelic expression at higher
levels of stimulation. Furthermore,
the pattern of allelic expression is
different over multiple rounds of

G activation for some clonal popu-

lations, which suggests that the
stochastic gene activation observed
is a reversible process.

Other mammalian genes may
show similar patterns of both mono-
allelic and biallelic ongoing sto-

chastic expression. In a survey of
allelic imbalances in gene expres-
sion in heterozygous human cells,
noise  18% of the more than 120 genes
assayed displayed consistent biases
in expression patterns toward one
allele (/6). Such imbalanced expres-

yellow fluorescent proteins expressed ¢ A @
from identical promoters on the same é E
prokaryotic chromosome (3). These E B
studies demonstrated that the stochastic é é
nature of gene expression gives rise to ¢ c
noise in protein levels in a clonal popu- % 2
lation of E. coli and that the relative & &
contributions of extrinsic and intrinsic time B o time
components to the total noise vary é §
with expression level. Ozbudak et al. 2 2
also quantified noise in gene expres- _(% é W | noise
sion in the prokaryote Bacillus subtilis ¢ = -— _
(6). By comparing the noise observed £ 2 ApRocoitsistion tma
in reporters with altered efficiency of & &
transcription and translation, they con- time c o time
cluded that prokaryotic transcriptionis 2 e
the dominant source of noise in protein g g
levels, as predicted by basic models of 2 E=. i
stochastic gene expression (7—10). E _E
We employed the two-reporter - £ -
system to measure gene expression & a autocorrelation time
noise in cells of the diploid eukaryote time
Saccharomyces cerevisiae (3). These § 3 H
studies revealed that intrinsic noise in =~ § é
reporter protein levels is detectable é 5
and, for one gene, results from slow i @
interconversion between inactive and @ E
active promoter states due to stochastic g g autocorrelation time
chromatin-remodeling events. How- time time

ever, extrinsic noise is the predominant
form of noise for all gene promoters
measured in these experiments. Simul-
taneous measurement of two inde-
pendent, unrelated gene promoters
indicated that much of this extrinsic
noise is global in nature, presumably
due to fluctuations in some factor that
affects expression of all genes and not
due to fluctuations in extrinsic factors
that affect a particular gene. Blake
et al. quantified noise in S. cerevisiae
using a single-reporter method (/7).
Their results for the GALI gene are
consistent with the extrinsic noise
profile of GALI measured by the two-
reporter method, which suggests that this noise is
not the result of stochastic chromatin remodeling
or transcription. Rather, most of the single-
reporter noise is likely due to extrinsic factors
such as global noise or noise in GAL signaling.

Recent measurements of gene expression in
single E. coli cells over long time periods have
provided insights into the relative amplitude and
time scales of intrinsic and extrinsic noise (/2).
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Fig. 2. Noise definitions and characteristics. (A) Intrinsic noise results
in differences between two reporters of the same gene in a single cell.
(B) Extrinsic noise affects two reporters of the same gene equally in a
single cell but causes differences from cell to cell or in a single cell
over time. (C) Global noise affects two distinct genes equally but
results in differences from cell to cell or in a single cell over time. (D)
Gene- or pathway-specific extrinsic noise affects two reporters of the
same gene equally but causes differences from a reporter of a second
distinct gene in a single cell. (E to H) Noise in a population; each line
represents a different cell. (E) Manipulable extrinsic noise: In a
synchronized population of cells, cell cycle progression results in
predictable changes in protein abundance over time (red lines); when
the cells grow asynchronously, the population displays variability
(black lines). (F) Noise of low magnitude and short autocorrelation
time. (G) Noise of high magnitude and short autocorrelation time.
(H) Noise of high magnitude and long autocorrelation time.

tions in mRNA numbers are the source of
intrinsic noise. The autocorrelation time for
global noise factors in protein production rate is
~40 min, similar to the observed cell cycle
length, which suggests that whatever factors
result in global noise persist on average for about
one cell cycle.

In Drosophila melanogaster, Ahmad and
Henikoff studied the behavior of a GFP reporter

sion may be due to slow, reversible
stochastic fluctuations in gene ex-
pression, or it may be due to sto-
chastic events in processes other
than gene expression, nonrandom
epigenetic factors, or polymorphism
in regulatory sequences.

Consequences of Noise in
Gene Expression

Both the magnitude and the frequen-
cy of the noise affect the conse-
quence. Small changes in protein
abundance may have dramatic ef-
fects on fitness if they persist long
enough, whereas large fluctuations
in abundance may not have any
effect if they occur too frequently to affect a
cellular process (/2). The observation that the
time scale for intrinsic noise fluctuations is
much shorter than that for extrinsic noise
suggests that extrinsic noise may affect cellular
phenotypes more strongly than intrinsic noise,
at least in E. coli (12).

Small differences in protein abundance may
confer a fitness advantage or disadvantage (Fig.
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3A). Intrinsic noise can produce fluctuations in
the relative expression of two alleles of the same
gene in a heterozygote, potentially resulting in
cells that express no allele, either individual
allele, or both alleles. If the two alleles are
functionally divergent, the population of cells
could acquire heterogeneity (Fig. 3B). Such
fluctuations may contribute to the still-debated
phenomenon of hybrid vigor. Alternatively,
intrinsic noise in the case of haploinsufficiency
may result in increased levels of noise or com-
plete loss of function in a subset of cells. Such a
mechanism has been proposed in the case of the
human tumor suppressor gene NFI (17) and
prostate neoplasia formation in the mouse (18).

A brief period of intrinsic noise followed by
feedback may allow for stochastic choice in
stable monoallelic expres-
sion. This model has been
proposed to explain the
process of odorant re-
ceptor choice in olfactory
neurons (/9, 20). Each
murine olfactory neuron
expresses a single allele |
of one odorant receptor
gene out of a choice of
~1500 odorant receptor
genes. A functional odor-
ant receptor is required
to prevent expression of
other odorant receptors,
which suggests that recep-
tor choice occurs through
stochastic activation of a
single promoter followed
by inhibitory signaling to
the inactive odorant re-
ceptor promoters. The
resulting heterogeneous
population of olfactory
neurons enables sensitive
differentiation of odorant
molecules; the stochastic
nature of gene expression
may create a functional
sense of smell.

Many reports have been made of differenti-
ation of a population of unicellular organisms
into two distinct states of gene expression, for
example, for the lysis-lysogeny decision in
lambda phage-infected E. coli (21, 22) as well
as the lac operon in E. coli (23). The stochastic
factor that generates the two states of expres-
sion has not been experimentally confirmed in
any such case, but noise in gene expression
remains a plausible culprit (9, 10, 21, 24). Noise
in gene expression in the context of positive
feedback may be sufficient to create switching
between the two stable states. The use of
stochasticity to populate multiple steady states
may play an important role in differentiation in
multicellular organisms (Fig. 3C) or in survival
in fluctuating environments for unicellular
organisms.
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Genes are organized into regulatory circuits
where the expression of one gene can influence
the expression of another. A consequence of this
organization is that noise in the expression of one
gene may propagate to affect noise in the
expression of a downstream gene (Fig. 3D).
Recent work in E. coli has demonstrated that a
synthetic cascade of three transcription factors
produces more noise in output than a linear
cascade of two transcription factors or than one
transcription factor alone (25). Such transmis-
sion of noise has been analyzed further in other
recent work, also in E. coli, where the authors
examined the sources of noise in a synthetic
transcriptional cascade (4). Intrinsic noise in the
expression of a transcription factor causes
extrinsic noise in a downstream target gene.
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noise in protein levels than does infrequent
transcription followed by efficient translation
(Fig.4A). Similarly, when promoter fluctuations
contribute to intrinsic noise, as in S. cerevisiae,
frequent promoter activation events followed by
inefficient transcription will result in less noise in
mRNA levels than infrequent promoter fluc-
tuations followed by efficient transcription (Fig.
4B) (3, 11, 26). In these models, the control of
noise comes at the energetic cost of producing
few proteins from numerous mRNA or the cost
of repeated rounds of promoter remodeling re-
sulting in a few mRNA. It has been noted that
key regulatory proteins in E. coli display low
translation rates, which could lower noise in
protein levels (6). Similarly, yeast genes that are
essential or encode proteins involved in multi-
subunit complexes tend to have
higher rates of transcription and
lower rates of translation (27).
The control of gene copy
number represents a second
way to lower the intrinsic noise
in gene expression (Fig. 4C),
which is predicted to scale with
the inverse square root of the
gene copy number. Noise con-
trol can therefore be added to
the reasons cited for the wide-
spread presence of polyploidy.
Also, noise control by increased
copy number provides an evo-
lutionary rationalization for ex-
act gene duplications and the
maintenance of identical copies

A@

extrinsic

extrinsic
|ntrinsic of the same gene. For example,
. . © global two copies of many ribosomal
. . extrinsic protein genes have been main-

Fig. 3. Consequences of noise. (A) Small differences in gene product abundance affect
reproductive fitness. (B) In a heterozygous diploid population, cells display the phe-
notypes associated with each homozygote as well as the heterozygote. (C) Noise
allows simultaneous achievement of multiple steady-state phenotypes in a
population. (D) Noise can be transmitted from one gene, in this case a transcription
factor, to a downstream target. The intrinsic and global extrinsic noise of the
transcription factor can cause extrinsic noise in the downstream gene.

Additionally, global noise affecting expression
of the transcription factor propagates to the
downstream target. Because the factor acts to
repress transcription, global fluctuations in the
repressor counteract the effects of global
fluctuations in the expression of the down-
stream gene, which suggests that global fluc-
tuations in a transcriptional activator will
exacerbate the noise in the target gene.

Control of Noise in Gene Expression

It is expected that control of noise in gene
expression is under evolutionary pressure. Sev-
eral models suggest how such control could gen-
erate or suppress the intrinsic noise of gene
expression. A theoretical model (7-10), consist-
ent with experimental evidence from B. subtilis
(6), suggests that frequent transcription followed
by inefficient translation results in lower intrinsic

tained in S. cerevisiae after
an ancient genome duplication
event (28).

Becskei and Serrano dem-
onstrated the reduction of noise
by means of negative feedback
in a simple model in which a
transcription factor negatively
regulates its own synthesis (Fig. 4D) (29). More
subtle forms of feedback may exist in which the
rates of earlier gene expression steps are affected
by later events. For example, the association of
histone methylase activity with the elongating
RNA polymerase complex during transcription
results in the stable methylation of histones,
which may affect the subsequent activation of
the promoter (30).

Noise in gene expression may fundamentally
limit the accuracy of cellular processes, such as
the circadian oscillator. In a synthetic oscillator
based on three transcription factors in E. coli,
the transmission of noise may have resulted
in the loss of coordination among cells (37).
Mihalcescu ef al. demonstrated in the unicellular
cyanobacterium Synechococcus elongatus that
circadian oscillations persist for weeks with a
stable oscillatory period without extracellular
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entraining cues or intercellular communica-
tion (32), which suggests that the circadian
network is strongly resistant to biochemical
noise. Recent work has asserted that this
oscillator relies on posttranslational molecular
events (33). Perhaps a core posttranslational
oscillator, which can rely on large numbers of
molecules and avoid the small-number sto-
chasticity of gene expression, is required for
robust oscillations.

Cellular control mechanisms may exist to
enable the switch between globally noisy or
globally “‘quiet” states of gene expression.
Queitsch ef al. demonstrated that reduction of
heat-shock protein 90 (Hsp90) chaperone
activity in Arabidopsis tha-
liana increases morpho-
logical diversity in inbred
lines, in addition to reveal- l
ing otherwise silent genetic

variation among different

lines (34). Hsp90 chaper- lO
one activity is hypothesized O

to reduce the effect of sto- O

chastic molecular events that
might otherwise result in de-
velopmental variability.

There may exist buffer-
ing agents that reduce ei-
ther the magnitude of noise %
in gene expression or the im-
pact of such noise on cellular
or organismal phenotype.
These buffering agents may
be regulated, especially in
times of stress, to produce
a phenotypically diverse pop-
ulation. Waddington’s the-
ories of canalization and
genetic assimilation propose
that wasteful phenotypic var-
iability in a population is
suppressed when the popula-
tion is well adapted to its
environment (35). However,
if environmental conditions
shift, phenotypic noise be-
comes advantageous because
a noisy population will pro-
duce some members that
are better adapted to the new environment.
Recent work supports the idea that it is ad-
vantageous to increase variability in times of
stress and decrease variability when organisms
are well adapted to the environment (36).
Regulation of global noise factors could pro-
vide a molecular basis for such evolutionary
flexibility.

Concluding Remarks

Many questions remain concerning the gen-
eration of noise in gene expression and its
consequences for cellular behavior. The
presence of stochasticity in gene expression
has been confirmed to result in noise in pro-

tein abundance, but other sources of noise
may result in phenotypic variability. Beyond
the identification of true examples of pheno-
typic consequence, much work must be
done to understand how cellular processes be-
have robustly in the presence of underlying
stochasticity. Such work often requires a
nontraditional collaboration between mathe-
maticians, physicists, and in vivo experimen-
talists. Many biologists are beginning to
focus on the limitations and benefits that
stochasticity creates for biological systems,
and we expect that future investigations will
reveal results both unexpected and un-
predictable.
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