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In contrast, the autocorrelation of the
intrinsic noise (16) decays rapidly:

intrinsic

<

10 min << Trc, (Fig. 4E). Thus, the observed
slow fluctuationsdo not result from intrinsic
noise; they representnoise extrinsic to CFP
expression (see supportingonline text). The
concentrationof a stable cellularfactorwould
be expected to fluctuatewith a time scale of
the cell cycle period (7, 10). For instance,
even though intrinsic fluctuationsin production rates are fast, the differencebetween the
total amounts of YFP and CFP in the
symmetric branch experimentshas an autocorrelation time of

Xtot

= 45 + 5 min (16). A

similar time scale may well apply to other
stable cellularcomponentssuch as ribosomes,
metabolic apparatus,and sigma factors. As
such componentsaffect their own expression
as well as that of our test genes, extrinsic
noise may be self-perpetuating.
These data indicate that the single-cell
GRF cannotbe representedby a single-valued
function. Slow extrinsic fluctuationsgive the
cell and the genetic circuits it comprises a
memory,or individuality(29), lastingroughly
one cell cycle. These fluctuations are substantialin amplitudeand slow in time scale.
They present difficulty for modeling genetic
circuits and, potentially,for the cell itself: In
order to accurately process an intracellular
signal, a cell would have to average its
response for well over a cell cycle-a long
time in many biological situations. This
problem is not due to intrinsic noise in the
output,noise that fluctuatesrapidly,but rather
to the aggregateeffect of fluctuationsin other
cellular components. There is thus a fundamental tradeoff between accuracy and speed
in purely transcriptionalresponses. Accurate
cellular responses on faster time scales are
likely to require feedback from their output
(1, 4, 6, 10, 30). These data provide an
integrated,quantitativecharacterizationof a
genetic element at the single-cell level: its
biochemical parameters, together with the
amplitudeand time scale of its fluctuations.
Such systems-level specifications are necessaryboth for modelingnaturalgenetic circuits
and for building syntheticones. The methods
introducedhere can be generalized to more
complex genetic networks, as well as to
eukaryoticorganisms(18).
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Juan M. Pedraza and Alexander van Oudenaarden*
Accurately predicting noise propagation in gene networks is crucial for
understandingsignal fidelity in natural networks and designing noise-tolerant
gene circuits. To quantify how noise propagates through gene networks, we
measured expression correlations between genes in single cells. We found that
noise in a gene was determined by its intrinsic fluctuations, transmitted noise
from upstream genes, and global noise affecting all genes. A model was
developed that explains the complex behaviorexhibited by the correlations and
reveals the dominant noise sources. The model successfully predicts the
correlations as the network is systematically perturbed.Thisapproachprovides
a step toward understanding and manipulating noise propagation in more
complex gene networks.
The genetic programof a living cell is determinedby a complex web of gene networks.
The properexecutionof this programrelies on
faithful signal propagationfrom one gene to
the next. This process may be hindered by
stochastic fluctuationsarising from gene expression,because some of the componentsin
these circuitsarepresentat low numbers,which
makes fluctuations in concentrations unavoidable(1). Additionally,reactionrates can
fluctuatebecause of stochasticvariationin the
global pool of housekeepinggenes or because
of fluctuationsin environmentalconditionsthat
affect all genes. For example, fluctuationsin
the numberof availablepolymerasesor in any
factor that alters the cell growth rate will
changethe reactionratesfor all genes. Recent
Department of Physics, Massachusetts Institute of
Technology, Cambridge, MA 02139, USA.
*To whom correspondence should be addressed:
E-mail: avano@mit.edu
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experimentalstudies (2-5) have made substantial progress identifying the factors that
determinethe fluctuationsin the expressionof
a single gene. However,how expressionfluctuationspropagatefrom one gene to the next
is largely unknown.To addressthis issue, we
designed a gene network (Fig. 1A) in which
the interactionsbetween adjacentgenes could
be externallycontrolledand quantifiedat the
single-cell level.
This synthetic network (6) consisted of
four genes, of which three were monitoredin
single Escherichia coli cells by cyan, yellow,
and red fluorescentproteins (CFP, YFP, and
RFP). The first gene, lad, is constitutively
transcribedand codes for the lactose repressor, which down-regulatesthe transcriptionof
the second gene, tetR, that is bicistronically
transcribedwith cfp. The gene product of
tetR,the tetracyclinerepressor,in turn downregulates the transcriptionof the third gene,
reportedby YFP. The fourthgene, rf7, is under
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of the upstreamgene i is varied.For example,
the main termin the transmittedintrinsicnoise
' t
T13int)
! lint
B,0i,t';X
fromgene 1 to gene 2 (Fig. 1A) is proportional
to the squaredlogarithmicgain H2, (Fig. 3B,
inset). The pronouncedpeak in H 2 occurs at
H21
Gene
O
GH
0
an IPTGconcentrationfor which the response
of the downstreamgene is most sensitive to
Gene 0
GE
ene 1
Gene 2
Gene 3
changes in the upstreamsignal. Consistently,
Intrinsicfluctuations
Globalfluctuations
the downstreamfluctuationsreacha maximum
-Transmittedintrinsicfluctuations
Transmittedglobal fluctuations
at this concentration(Fig. 2B) (6). The last
B
componentof the noise reflects the effect of
the global fluctuations.It includes the direct
effect on the gene, the transmittedeffect from
the upstreamgenes (Fig. 3A), and the effect of
e
the correlatedtransmission,which dependson
000
the interactions.The latterillustratesthe main
11)
0
U)
difference between transmittedintrinsic and
0
transmittedglobal noise. The differentintrinsic
0~
noise sources are uncorrelated, whereas the
LL
global fluctuationsarisefromthe same sources
(Fig. 3A). This means that the transmitted
global noise (Fig. 3A, purplearrows)does not
10'4
10'3
10'2
10"
simply add to the directglobal noise (Fig. 3A,
CFP fluorescence counts
[IPTG](mM)
red arrows). Because both fluctuationscame
Fig.3. (A)A sketchof the propagationof the fluctuations,showinghow the two sourcesof noise, from the same sources, correctionterms arise
intrinsicand global,can result in many components.(B) The logarithmicgain H21 is obtainedas that depend on the strength(and sign) of the
the negativeof the slope in log-logspace of the meanexpressionof YFPas a functionof meanCFP interaction(15).
In Fig. 3C, these different noise compoexpression.(Inset)Thesquareof H21as a functionof IPTG.(C) Noise in the downstreamgene (Fig.
2B) decomposedinto the differentsources of noise. The total noise (black)is the result of the nents are shown for gene 2. The intrinsic
intrinsicnoise in this gene (green), the transmitted noise from the intrinsicfluctuations in
component(Fig. 3C, green line) varies as the
upstreamgenes (blue),and the globalnoise (red).
inverse of the square root of the mean,
resulting in increased noise at higher IPTG
can be derived from the model analytically, concentrations. The transmitted intrinsic
F)(XF) from the fluorescence levels
Cij =
F, in individualcells. The brackets(...) denote enabling a direct fit to the entire experimen- component (Fig. 3C, blue line) corresponds
averagingover all cells in the population,and tal data set (11). Our model is based on the roughly to the squareof the logarithmicgain
the indices i andj referto the gene numberas Langevin approach(7, 12, 13), in which the (Fig. 3B, inset) times the noise in the
defined in Fig. 1A. Because each cell is
deterministic differential equations describ- upstream gene (Fig. 2A) (18). The global
characterized
by threedifferentexpressionval- ing the dynamics of the system are modified noise component (Fig. 3C, red line) is not
ues (F1, F2, and F3), the statisticalproperties by adding stochasticterms (6, 14) that reflect constant but rathershows the modulation as
of this network are summarizedby the three the two sources of noise: intrinsic fluctua- explained above. Thus, the main features of
tions due to low numbers of molecules and the noise in this gene are determinedby the
self-correlations, Cll, C22, and C33, and the
threecross-correlations,
C12,C13,and C23.The global fluctuations in cellular components network interactions,ratherthan by its own
self-correlationis identical to the square of
that change the reaction rates for all genes.
intrinsic noise characteristics.
the coefficient of variation, ri, which is
The effect of modulatingthe globalnoise is
Using the resulting expressions (15) for
defined as the standard deviation of the the correlations,we can decompose the noise
also demonstratedby the behaviorof the corexpression distribution normalized to the in each gene into three components:intrinsic relationsbetweennoninteractinggenes (Fig. 2,
mean expression.These six correlationswere noise in that specific gene, transmitted E and F). A global fluctuationthat raises the
plotted as a function of the IPTG concentra- intrinsicnoise from the upstreamgenes, and expressionof RFP will also raise the exprestion (Fig. 2). The correlations behave in a global noise modulatedby the network (Fig.
sion of YFP and CFP. An increased CFP
nonintuitivemanner.For example, the noise
3A). The intrinsic noise (Fig. 3A, green expressionwill result in a decreasedYFP expropertiesof the upstreamgene, reflected in arrows) arises mostly from low copy num- pression by an amount that depends on the
bers of mRNAs (2, 3, 16). The second noise
interactionbetween gene 1 and gene 2 and
rl (Fig. 2A), are very differentfrom those of
the downstream gene, reflected in 12 (Fig. component, the transmitted intrinsic noise hence will vary with IPTG (19). This can be
2B), even though both genes are repressed (Fig. 3A, blue arrows), includes the trans- seen in the expressionfor the correlations(15).
by a single upstreamrepressor(Fig. 1A). The mitted fluctuations of each of the upstream A consequenceof this modulationis that the
correlationsC13and C23are also dependent genes in the network and depends on three correlationsC12and C23display qualitatively
on IPTG concentration (Fig. 2, E and F). factors: the intrinsic noise for that upstream similarbehavioras IPTG is varied (Fig. 2, D
Because RFP is not part of the cascade, one gene; the effect of temporalaveraging(6, 16), and F). This indicatesthat C23is dominatedby
might expect a correlation that is indepen- which depends on the lifetimes of the pro- the globalnoise thatis transmittedfrom gene 1
dent of IPTG.
teins; andthe susceptibilityof the downstream to gene 2. Similarly,the correlationC13is domTo clarify these issues, we developed a gene to the upstream one. We characterize inated by the global noise transmittedfrom
stochasticmodel that allows for a systematic this susceptibilitythroughthe logarithmicgain gene 0 to gene 1 and thereforedisplaysa difinterpretationof the data in terms of the Hji (16, 17) (Fig. 3B). The logarithmicgain ferent behavior comparedto C12and C23(6).
different components of the noise. The reflects how the average expression of the
We directly quantified the intrinsic and
coefficients of variations and correlations downstreamgene j changes as the expression extrinsic noise for genes 1 to 3 as a function
/
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Duplicated measurements are averaged. The error
bars reflect the standard deviation of run-to-run
differences and the error within each measurement
as determined by bootstrapping.
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Several methanogenic archaea lack cysteinyl-transfer RNA(tRNA)synthetase
for translation in
(CysRS),the essential enzyme that provides Cys-tRNACYs
most organisms. Partial purification of the corresponding activity from
Methanocaldococcus jannaschii indicated that tRNACysbecomes acylated
with O-phosphoserine (Sep) but not with cysteine. Furtheranalyses identified
a class II-type O-phosphoseryl-tRNAsynthetase (SepRS)and Sep-tRNA:CystRNA synthase (SepCysS). SepRS specifically forms Sep-tRNACYs,
which is
then converted to Cys-tRNACYs
by SepCysS. Comparative genomic analyses
suggest that this pathway, encoded in all organisms lacking CysRS,can also
act as the sole route for cysteine biosynthesis. This was proven for Methanococcus maripaludis,where deletion of the SepRS-encodinggene resulted in
cysteine auxotrophy. As the conversions of Sep-tRNA to Cys-tRNA or to
selenocysteinyl-tRNA are chemically analogous, the catalytic activity of
SepCysS provides a means by which both cysteine and selenocysteine may
have originally been added to the genetic code.
The translation of cysteine codons in mRNA
during protein synthesis requires cysteinyltRNA (Cys-tRNACYS). Cys-tRNACYs is normally synthesized from the amino acid cysteine
and the corresponding tRNA isoacceptors
(tRNAC(S)in an adenosine triphosphate (ATP)dependent reaction catalyzed by cysteinyltRNA synthetase (CysRS). Genes encoding
CysRS, cvsS, have been detected in hundreds
of organisms encompassing all three living
domains (1). The only exceptions are certain
methanogenic archaea, the completed genome
sequences of which encode no open reading
frames (ORFs) with obvious homology to known
cysS sequences (1). Because of the discovery
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that the genomes of a number of methanogenic
archaea either lack cysS (Methanocaldococcus
jannaschii, Methanothermobacter thermautotrophicus, and Methanopyrus kandleri) or can
dispense with it (Methanococcus maripaludis),
the formation of Cys-tRNACYs in these organisms has been a much studied and increasingly contentious topic (2, 3). A noncognate
aminoacyl-tRNA synthetase [aaRS (4-6)]
and a previously unassigned ORF (7) were
variously implicated in Cys-tRNAC(ys formation. Recent studies failed to provide conclusive support for either of these routes, leaving
the mechanism of Cys-tRNACYs formation
still in doubt (2).
Previous investigations of archaeal CystRNACYSbiosynthesis have been hampered by
the significant levels of noncognate tRNA
routinely cysteinylated and detected by conventional filter binding assays. This problem
was circumvented with a more stringent assay
of Cys-tRNAcys formation: gel-electrophoretic
separation of uncharged tRNA from aminoacyltRNA (aa-tRNA) and subsequent detection of
the tRNA moieties by sequence-specific
probing (8). Given that M. jannaschii is a
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strict anaerobe, and considering that earlier
aerobic purification erroneously identified
prolyl-tRNA synthetase (4, 5), we used
anaerobic conditions for all procedures unless
otherwise indicated. When these procedures
were used to monitor acylation of total M.
maripaludis tRNA by an undialyzed M.
jannaschii cell-free extract (S-100), tRNAc'YS
was charged with an amino acid that gave rise
to the same mobility shift (9) exhibited by
standard M. maripaludis Cys-tRNAcys generated by M. maripaludis CysRS (1) (Fig. 1A,
lanes 7 and 8). Further optimization of the
reaction at this stage showed that Zn2+ and
ATP were also required for the successful
formation of charged tRNACYs.When the SS-100
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Fig. 1. Acid urea gel electrophoresisand Northern
blot analysisof total M. maripaludistRNAcharged
with M. maripaludisSerRS,dialyzed M. jannaschii
S-100, M. maripaludisCysRS, and M. jannaschii
SepRSin the presence of 20 amino acids (20 AA),
phosphoserine,or a M. jannaschii S-100 cell-free
extract filtrate (Y3). Half of each tRNA sample
was deacylated by mild alkalinehydrolysis (-OH).
The blots were probed with 32P-labeledoligonucleotides complementary to M. maripaludis
tRNAcys (A) and M. maripaludis tRNASeC(B).
Total M. maripaludistRNA charged with dialyzed
or undialyzed M. maripaludisAcysS S-100 cellfree extract (20) in the presence of 20 amino
acids and Na2S, or Sep and NaSS (C). The blot
was analyzed with 32P-labeled oligonucleotides
complementary to M. maripaludistRNACys.
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