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Abstract

Gene activity is described by the time-series of discrete, stochastic mRNA production events. This
transcriptional time-series exhibits intermittent, bursty behavior. One consequence of this
temporal intricacy is that gene expression can be tuned by varying different features of the time-
series. What schemes for varying the transcriptional time-series are observed in the cell? Are the
observed properties of these time-series optimized for cellular function? To address these
questions, we characterize mRNA copy-number statistics at single-molecule resolution from
multiple Escherichia coli promoters. We find that the degree of burstiness depends only on the
gene expression level, while being independent of the details of gene regulation. The observed
behavior is explained by the underlying variation in the duration of bursting events. Using
information theory, we find that the properties of the transcriptional time series allow the cell to
efficiently map the extracellular concentration of inducer molecules to intracellular levels of
mRNA and proteins.

A gene’s activity can be described by the discrete time-series of mRNA production

events 12, This “transcriptional time-series” is stochastic rather than deterministic -3,

Furthermore, it generally cannot be described as a simple Poisson process. In other words,
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mRNA molecules are not produced with a constant probability per unit time; instead,
mRNA production is often bursty (pulsatile), in both bacteria 2 and higher

organisms #-6-7-8_ A suitable mathematical framework for describing gene activity data is
the two-state model 8219, where a gene stochastically fluctuates between “off” and “on”
states, and mRNA is produced stochastically only in the “on” state. This scenario can lead to
the occurrence of transcription “bursts”, i.e. periods of intense activity separated by periods
of quiescence. Measured mRNA kinetics 2 and copy-number statistics 2-3:11-12 have been
shown to be consistent with the two-state picture in a variety of model systems. However,
this picture is still purely phenomenological. Despite considerable theoretical

attention 213-14:15.16.17 e do not possess a biophysical understanding of the nature of

the “on” and “off” states and what governs the transitions between them.

An important consequence of the temporal intricacy of the transcriptional time series is that
the expression level of a gene (defined here as the mean mRNA copy-number per cell, (n))
does not uniquely determine the parameters of the time-series. In other words, an ensemble
of many different time-series can produce the same mRNA level. Similarly, a change in the
level of expression (as, for example, in response to different stimulus levels) can in principle
occur by varying different properties of the transcriptional times series 8, henceforth referred
to as different “modulation schemes”. This is demonstrated in FIGURE 1 for a hypothetical
bacterial promoter. In the example shown, the mean mRNA level (n) is tuned over a 30-fold
range in response to a change in environmental stimulus (for example, the concentration of a
specific sugar in the growth medium; see FIGURE 2A below). Changes in mRNA level can
be obtained by modifying any of the three kinetic parameters characterizing mRNA
production (FIGURE 1B), thereby modulating different properties of the transcriptional
time-series: Ky, the rate of switching to the “on” state (‘“on rate”), which determines the rate
of transcription bursts; K¢, the rate of switching back to the "off” state (“off rate”), which
determines the duration of transcription bursts; and krx, the rate of producing mRNA while
in the ”on” state, which determines how many mRNA’s are produced during each
transcription burst. (nNRNA degradation naturally affects the expression level as well, and its
rate can be modified as a regulatory mechanism !8:19-20_ In our analysis below, we decouple
such effects from variations in mRINA production parameters, by correcting for differences
in mRNA lifetimes. We also assume that only a single kinetic parameter is altered when
changing expression level; for the alternative see SUPPLEMENTARY NOTE). As seen in
FIGURE 1C, each of the modulation schemes creates a transcriptional time-series of
different characteristics at a given gene expression level. Even though these different time
series produce the same (mean) level of mRNA, the different characteristics of the time-
series are in turn reflected in the degree of cell-to-cell variability in mRNA numbers. This
effect can be quantified using the Fano factor (b) 2 defined as the ratio of the variance (¢?)
to the mean ({n)) of mRNA copy-number. b = 1 corresponds to non-bursty (Poissonian)
mRNA production. For short, rapid bursts, b is equal to the mRNA burst size 2. In the more
general case, b indicates how “bursty” the time-series is relative to a Poisson process 22
(FIGURE S1). For simplicity, we refer to b as the “burstiness” of the transcriptional time-
series. The two-state transcription model allows us to calculate (n) and o, and therefore b,
for any set of kinetic parameters 8:%-10:23.24 A5 seen in FIGURE 1D, each of the modulation
schemes described above yields a typical curve for b as a function of the mean mRNA level

Nat Genet. Author manuscript; available in PMC 2011 December 01.



1duosnuen Joyiny 1duosnue Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

So et al.

RESULTS

Page 3

(n). These curves are distinct from each other; thus, measuring b({n)) experimentally would
in principle allow us to discriminate among the different scenarios and identify which
kinetic parameter of the transcriptional time-series is varied. Similar analysis can be
performed on the “noise” in the time-series, quantified by the squared coefficient of
variation 772 = 0%/(n)? 23 (FIGURE 1E).

Quantifying mRNA statistics at single-molecule resolution

We quantified the copy-number statistics of endogenous mRNA using single-molecule
fluorescence in situ hybridization (smFISH), following the method of 26, which we adapted
for counting mRNA in E. coli at single-transcript resolution (see ONLINE METHODS).
Briefly, a set of ~50-70 fluorescently labeled oligonucleotide probes, each 20 bases in
length, was designed against the transcript-of-interest. Probes were hybridized to fixed cells
and imaged using epifluorescence microscopy. To estimate the number of mRNA molecules
from the gene-of-interest in a given cell, the total intensity of fluorescent foci in the cell was
measured, yielding an estimate of the number of bound probes, in turn indicating the number
of target mRNA molecules. This approach follows the one previously used in live-cell
studies of mRNA kinetics using the MS2 system 2. FIGURE 2 demonstrates the dynamic
range and accuracy of measuring mRNA copy-numbers using smFISH, for the case of the
P)5c promoter. mRNA levels covering ~3 orders of magnitude (~0.1-60 molecules/cell)
could be measured. The smFISH-based estimation of mRNA numbers was in excellent
agreement with measurements using quantitative PCR (qPCR) as well as with data from the
literature 27. A similar comparison made in four other promoters yielded good agreement
between smFISH and other assays (FIGURES S2-S5). The smFISH-based measurements
allowed us to obtain the copy-number statistics of mRNA transcripts from a gene-of-interest
under a given growth condition. The mRNA histograms were well described by a negative
binomial distribution 28 (FIGURE 2C), consistent with the prediction of the two-state

model 810, In particular, the smFISH data allowed us to accurately measure both the mean
({n)) and variance (%) of mRNA copy-number, and therefore calculate the burstiness
parameter b = 0%/(n) characterizing the transcriptional time-series.

Burstiness exhibits universal behavior across different genes and conditions

We used smFISH to quantify mRNA statistics from 20 promoters: Pz 27, PgalETKM 29.30,

Prarmi 2L, rrnBP1 3233 Pyioarcp 3439, bacteriophage A promoter Pg, and 13 variants of the
bacteriophage A promoter Pgy; 36-37-38 (see TABLES S1-S3). In cases where promoter
activity is regulated by growth conditions (e.g. the presence of a specific sugar or amino
acid), a range of growth conditions was used so that the full range of mRNA levels could be
achieved (see SUPPLEMENTARY NOTE). This ensemble of promoters allowed us to scan
a range of expression levels (~0.01-60 mRNA/cell), different molecular mechanisms of
transcription regulation (activation, repression and combinations thereof) and topologies of
gene networks controlling gene activity (such as the presence or absence of feedback 3%); see
TABLE S3. All of these factors can conceivably affect the observed fluctuations in gene
activity 40-41.4243.44.45 T total, >150 independent experiments were made, each one
yielding the distribution of mRNA copy-number from a given gene at a given stimulus level.
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To characterize the transcriptional time-series in the complete data set, we plot (FIGURES
3A and B) the burstiness b and the noise 172 from each experiment, as a function of the mean
expression level (n) at that condition. The expression levels were corrected for the
differences in gene copy number (see FIGURES S6 and S7 and SUPPLEMENTARY
NOTE) and mRNA lifetime (see TABLE S4, FIGURES S8 and S9 and
SUPPLEMENTARY NOTE), so that the characteristics of mRNA production from a single-
copy promoter can be examined. We first note that the cell-to-cell variability in mRNA
numbers is dominated by the inherent fluctuations of the two-state process (“intrinsic
noise”) rather than by cell-to-cell difference in parameter values (“extrinsic noise”). This is
suggested by the following observations: (i) The noise 77 decreases monotonically with (n)
(FIGURE 3B), which is the typical behavior of intrinsic, but not of extrinsic, noise 46_(ii) In
o2
the limit of low (n), ﬁ =1 (FIGURE 3A), as expected for the intrinsic noise of a Poisson
process. That transcription is Poissonian at very low expression level has been shown
previously 4748  (iii) In the limit of high (n), 77 decreases sharply rather than approach a
plateau (FIGURE 3B). Such a plateau would be expected in the presence of extrinsic
noise 449, The observed dominance of intrinsic noise in mRNA number fluctuations is
consistent with previous observations, that extrinsic noise is an important factor at the level
of the protein species 404, but not mRNA 2.

The most striking feature in FIGURES 3A and 3B is that b and 77 exhibit gene-independent
behavior; that is, the values from different genes and growth conditions show a clear trend,
with a dependence on the expression level (n) alone. Thus, the properties of the time-series
seem to depend primarily on the mean mRNA level, not on the specific gene or stimulus
(This observation is made more quantitative below). The gene-independent behavior
immediately suggests that the rate parameters in the two-state picture are not determined by
the details of molecular regulation of an individual promoter (such as the binding and
unbinding kinetics of a specific transcription factor) or the topology of the individual gene
network (e.g. the presence or absence of feedback). Instead, gene on/off switching is
dominated by a process that acts in a similar manner on different genes, possibly exerting its
influence at a genome-wide level (see discussion below). Thus, all genes expressed at a
given level exhibit a similar transcriptional time series. Note that this similarity in time-
series characteristics does not necessarily mean that the actual activity of different genes is
coordinated in time, i.e. that genes turn “on” and “off” in unison. It is interesting to note,
however, that multiple copies of the same gene (present when the bacterial chromosome
replicates) exhibit a positive, non-zero covariance (FIGURE S10), suggesting that their
temporal activity may indeed be correlated. As we discuss below, the observed universality
in transcription burstiness readily explains previous observations made at the protein level
(*° and similar findings in yeast 2).

Expression level is varied by modulating the gene “off” rate

We next used the experimental data of b((n)) and 72({n)) to ask what property of the
transcriptional time series is modulated as gene expression level is varied. When comparing
the experimental plots in FIGURES 3A and 3B to the theoretical ones in FIGURES 1D and
1E, we note that the observed mRNA statistics is consistent with the assumption that
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expression level is changed by varying the rate at which the gene switches back to the “off”
state (off-rate Kyff), or in other words the duration of transcription bursts. Specifically, note
that b((n)) starts with a Poisson-like behavior (b ~ 1) and then increases as a sub-linear
function of (n). The observation can be made quantitative by fitting the experimental data
for b((n)) and 72((n)) to the analytical expressions for the two-state model, under the
scenario of varying Ky (see ONLINE METHODS) 89:10.23.24 Ag seen in FIGURE 3A, a
good fit is obtained (R% = 0.81). For comparison, trying to fit the observed data with the two
alternative scenarios, modulating the gene on-rate K, or the transcription rate kry, yielded
inferior fits (RZ = 7.9 x 10-° and 0.58, respectively). Moreover, the scenario of varying K
yields a fit superior to the alternatives when compared on a promoter-by-promoter basis
(FIGURES S11 and S12). As a control, trying to fit a simulated collection of promoters with
randomly selected kinetic parameters using the k,g-modulation description also yielded a
poor fit (RZ = 0.085, FIGURE S13). As an additional test for the validity of our parameter
estimation, we performed detailed stochastic simulations of mRNA kinetics and verified that
the theoretical and experimental copy-number histograms are in agreement, beyond the mere
values of (n) and o®> (FIGURE S14). The theoretical fit allows us to make the observation of
gene-independence more quantitative: When comparing the data from individual promoters
to the universal fit, we find that 6 of 7 data sets exhibit a correlation coefficient above 0.85
between data and theory (FIGURE S15). The average deviation of a single-promoter data
from the universal fit is ~33% (FIGURE S15).

Fitting the experimental data to the scenario of K,g-modulation allowed us to estimate the
values of the three kinetic parameters governing mRNA production: Ky, (the rate of
switching to the “on” state, which determines the frequency of bursts) and krx (the rate of
producing mRNA while the gene is “on”)—both of which are approximately constant for
different genes and expression levels—and K¢f (the rate of switching back to the “off” state,
which determines the duration of bursts) which changes over more than 3 orders of
magnitude when expression level is varied (FIGURE 3C). We note that, of these three
parameters, the only one which has been estimated in the past is krx, which corresponds to
the maximal transcription initiation rate possible (when a gene is constantly “on”). The
value obtained from our single-cell measurements (kpx = 0.23 +0.11 s71) is in good
agreement with values from the literature %3152, We also note that k,, and krx exhibit a
dependence on the bacterial growth rate (FIGURE S12).

The examination of mRNA number statistics, though strongly indicating that K¢ alone is
varied to control expression level, is limited by the fact that the process of transcription was
not directly observed. To overcome this limitation and gain further support for the
observation of Ky¢ modulation, we quantified the kinetics of mRNA production from one
promoter, Pjaara >3, in individual living cells. We used the MS2-GFP system 45,
previously used to demonstrate transcriptional bursting in E. coli 256, Briefly, cells were
grown under the microscope in the presence of different levels of the inducers, IPTG and
arabinose. mRNA production was followed in individual cells by measuring the intensity of
fluorescent foci created when MS2-GFP binds to its RNA recognition sequence 2. As
expected, mRNA kinetics was found to consist of periods of activity, where a random
number of transcripts are produced, separated by periods of inactivity 2. Measuring the mean
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durations of "off” and ”on” periods, as well as the amount of mRNA produced within

each ”on” period, allowed us in turn to estimate Ky, K¢, and kyx at a given gene activity
level. As seen in FIGURE 3D, the behavior of these kinetic parameters is consistent with the
observations above: Changing the level of mRNA (n) is achieved by varying K.gf, while K,
and krx are kept approximately constant.

The transcriptional time-series optimizes information representation by the cell

We have thus seen that the discrete time-series of gene activity exhibits universal properties;
that is, the same kinetic parameters are common to different genes and environmental
conditions. It is then natural to ask: Can the specific choice of kinetic parameters optimize
some function of the living cell and therefore be subject to evolutionary selection >’? To
address this question, we followed the approach of 8% and considered the way gene
activity is used by the cell to represent information about its environment. For example, the
activity of the lactose promoter can be thought of as “telling” the cell how much lactose is
present in its environment. We quantified the efficiency of information representation by the
cell using Shannon’s mutual information 60, I(p, ©), a function that measures how much
information is transmitted to the output (protein level, p) about changes in the input
stimulus, C (for example, sugar concentration). In calculating I(p, €), we used the
experimentally measured dose-response of the promoter, i.e. mean mRNA number (n) as a
function of stimulus €. The downstream production of protein was stochastically modeled
using known parameters 47:48:52 (see SUPPLEMENTARY NOTE). Importantly, a
calculation using three different promoters studied in this work (P, Prari1, and PpiogrcD)
yielded almost identical results (FIGURE S16 and S17). The mutual information | depends
critically on the way the variance of mRNA copy numbers, 02, changes with the mean (n)
(The statistics of the protein species follows the same scaling relations, up to a calculable
factor, see SUPPLEMENTARY NOTE). To examine how the mutual information varies as
a function of time-series parameters, we wrote o> in the phenomenological form o%/(n) =1+
()% i (such that the deviation of the burstiness b from the Poisson case goes like the mean
(n) to the power a). By varying the parameters x and a, this functional form allowed us to
approximate the behavior exhibited by the transcriptional time-series under the different
modulation schemes (see FIGURE 1D above) and under a broad range of kinetic
parameters; specifically, this form captures the ¢%((n)) behavior seen in our experiments
(FIGURE 4A). We next calculated the mutual information (maximized over possible inputs,
see ONLINE METHODY) as a function of the parameters (x,a@) (FIGURE 4B), thus
exploring the efficiency of information representation over the space of possible time-series
characteristics. We found that the parameters describing the actual transcriptional time-
series (k=3.5% 3.2, a=0.64 £ 0.06) are close to optimal—they lie on a “ridge” in the map
of I(x,a) (FIGURE 4B). When plotting a histogram of | values obtained from a broad range
of kinetic parameters (FIGURE 4C), one sees that the maximal mutual information of the
actual time series (1~2.5 bits, or discrimination of >5 input levels), is significantly higher
than the mean performance obtained by randomly choosing the time-series parameters
(~0.68 bits). In other words, the specific parameters of the transcriptional time series, which
are observed in experiment, are superior to most other possible parameter sets, in the sense
of allowing the cell to best represent information about its environment through the discrete
activity of its genes.
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DISCUSSION

Multiple studies in recent years have demonstrated that gene activity is often bursty rather
than Poissonian 245678 and can be described via a two-state model for mRNA

production 8210 In this work we have extended and generalized these observations by
describing how the transcriptional time-series in E. coli is modulated when gene expression
level is varied. We found that promoter activity tends to be non-bursty at low expression
levels (at or below (n) ~ 1 molecules/cell); the degree of burstiness, as characterized by the
Fano factor b = 0%/(n), then rises in a sub-linear manner with increasing gene activity. This
behavior is consistent with varying of the gene off-rate as the means to change the
expression level, while maintaining the gene on-rate and transcription rate constant. In other
words, the duration of the transcription bursts is the main feature that changes as expression
level is varied. Importantly, this behavior is not gene- or input-specific (although it can also
be observed when examining a single gene, see FIGURE S11); rather, it was observed in the
complete ensemble of promoters and stimuli examined. We note that a more complex
scenario, where multiple kinetic parameters are simultaneously varied, i s a Iso consistent
with the observed smFISH data (see SUPPLEMENTARY NOTE and FIGURE S18).
However, such a scenario does not need to be invoked in order to explain the experimental
data. The multi-parameter modulation scenario also appears inconsistent with the live-cell
data (FIGURE 3D above).

A number of past studies have characterized the noise level of multiple genes, using a
library of fluorescent protein fusions 25:49-61.62 A study in yeast 2 found that the squared
coefficient of variation 772 displayed a genome-wide trend of power-law dependence on
mean expression level (a similar trend was recently observed when examining different
mutants of a single yeast promoter 93). This gene-independent behavior is consistent with
our findings here. Moreover, by modeling the underlying kinetics, the authors in 2
concluded that protein fluctuations were likely dominated by the mRNA species, as assumed
in our work. A recent genome-wide study in E. coli 4° found that the Fano factor increased
monotonically with mean protein level. This observation is most easily explained by our
findings of a gene-independent behavior of the transcriptional burst size (FIGURE 3A
above). The authors in 4° also performed measurement of mRNA levels in single cells,
which they analyzed using the assumption of Poissonian kinetics 4°. The measured values of
mRNA numbers per cell, as well as the range of expression levels, were significantly
smaller than those observed in our study. In addition, the authors found no correlation
between mRNA and protein numbers from a given gene in individual cells. It is possible that
the use of a single fluorescent probe per gene limited the accuracy of their measurement (see
e.g. Figure S22 in 4°) and thus did not allow a quantitative characterization of cell-to-cell
variability in mRNA numbers.

From an evolutionary point of view, we note that the expression level of a gene has been
shown to be a phenotype subject to selection ®*. More recently, a number of studies have
suggested that, beyond the mean expression level, the degree of population heterogeneity
(“noise™) in gene expression may also be subject to selection ©°. Here we estimated the
mutual information between external stimulus and the transcriptional time-series and
showed that the specific modulation scheme chosen by the cell is efficient in the sense of

Nat Genet. Author manuscript; available in PMC 2011 December 01.



1duosnue Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnuep Joyiny

So et al.

Page 8

reliably representing, through the transcriptional time-series, the environment in which the
cell resides. In quantifying this efficiency, we demonstrated how the properties of the
transcriptional time-series itself, beyond merely the mean expression level, emerge as a
meaningful phenotype subject to selection. We note that this new observation also extends
and generalizes previous works, in which the burstiness of gene expression was suggested to
affect the cellular phenotype ©6:67:68.69.70,

Two important limitations of our work need to be mentioned: First, when describing gene
activity we centered on the mRNA species only, while leaving out the downstream
production of proteins. In doing so we implicitly assumed that protein kinetics is enslaved
by mRNA kinetics to a sufficient degree such that the discrete, stochastic time-series of
mRNA production governs cell-to-cell heterogeneity 223, This assumption is supported by
the observation that protein-number statistics 4 closely reflect the properties of mMRNA
statistics, as found here. Second, by mainly using in situ hybridization to count mRNA, we
were able to obtain snapshots of cell populations but were naturally unable to follow the
time-course of gene activity in individual cells (with the exception of a single promoter).
This limitation prevented us from examining temporal correlations in the transcriptional
time-series. Correlations in the gene-activity trajectories of individual cells have been shown
to contain important information about the underlying gene regulatory network 43-7!. Such
correlations are likely to be affected by the bursty behavior described here. Extending the
use of the MS2-based system 2 to multiple promoters should allow the characterization of
such temporal effects in the future.

At this stage, there is no mechanistic, molecular-level understanding of what gives rise to
the bursty behavior of gene activity in bacteria; specifically, what the physiological nature of
the gene “on” and “off” states is, and therefore also how the rates of switching between
states can be varied in the individual cell or over the time course of evolution. The most
common theoretical model used to explain two-state gene activity in bacteria involves the
binding and unbinding of transcription factors at the promoter 213-23.24:40 However, our
finding here, that the properties of the transcriptional time-series are gene-independent
(rather than gene-specific), suggest that the observed two-state kinetics involves gene-
nonspecific features such as DNA topology, RNA polymerase dynamics or regulation by
broad-target DNA-binding proteins 13:7273_ Interestingly, these types of mechanisms are
reminiscent of those suggested to underlie non-Poissonian transcription kinetics in

» 817,74 Future

eukaryotes, where burstiness is broadly ascribed to “chromatin modifications
studies will have to reveal whether the fact that transcription burstiness appears in both
kingdoms reflects a similarity in underlying mechanisms, or instead results form the

selection of an advantageous phenotype in different systems.
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Figure 1. Different features of the transcriptional time-series can be modulated to vary gene
expression level

(A) Schematic representation of the gene-activity curve for a typical bacterial promoter. The
expression level (mean number of mRNAs per cell, (n)) as a function of the external
stimulus is shown. The curve is arbitrary, but is typical of the sigmoidal response exhibited
by many bacterial promoters 27-37, for example see FIGURE 2A below.

(B) The kinetic parameters governing mRNA production and annihilation in the two-state
model.

(C) Different modulation schemes of the transcriptional time-series, all capable of creating
the gene activity curve in panel (A). Each plot shows the time-series of mRNA production
events (bars). Data was created by simulating the two-state model using the Gillespie
method 7. In each of the three cases shown, only a single parameter of gene activity was
varied (K, left; K¢, middle; krx, right). All time-series in the same row produce the same
mean mRNA level (n).

(D) The effect of the different modulation schemes on the observed mRNA copy-number
statistics. The burstiness b = ¢%/(n) is plotted as a function of the mean mRNA number (n).
The main panel shows b({n)) on a semilog scale, while the insets show the same data on a
linear scale. b({n)) was calculated analytically for the two-state model °.

(E) The noiser?? = 0®/(n)? as a function of the mean mRNA number (n). 72({n)) was
calculated analytically for the two-state model®.
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Figure 2. Single-molecule FISH used to characterize mRNA copy-number statistics
(A) Gene expression level (mRNA/cell) from the P|5c promoter, as a function of inducer

(isopropyl B-D-1-thiogalactopyranoside, IPTG) concentration. The mean mRNA number per
cell as measured by single-molecule FISH (smFISH, average of 2 independent experiments)
is shown, as well as the results of quantitative PCR (qPCR, average of 2 independent
experiments; normalized by the mean smFISH level) and p-galactosidase activity assay, as
reported in the literature (27, normalized by the mean smFISH level). Error bars denote
standard errors from duplicate experiments. The good agreement between the three assays,
over ~3 orders of expression level, demonstrates the accuracy and dynamic range of the
smFISH method.

(B) Typical images of smFISH-labeled cells at different induction levels. An overlay of the
phase contrast (grayscale) and smFISH probes targeting the lacZ gene (red) is shown. Each
image corresponds to the expression level designated by the horizontal arrow.

(C) lacZ mRNA copy-number histograms obtained from smFISH at different induction
levels. The experimental data (red) and the fit to a negative binomial distribution (black) are
shown, as well as the estimated values for mean mRNA number (n) and standard deviation
oin that sample. Each plot corresponds to the expression level designated by the horizontal

arrow.

Nat Genet. Author manuscript; available in PMC 2011 December 01.



1duosnue Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnuey Joyiny

So et al.

Page 15

16
it Theory: k. modulation A — Theory: k,, modulation
smFISH data: 102
12 Pa
=
‘:‘t; 8 smFISH data:
L] P,
o 6 .
4 i
2 Py
s Py vesiaras
N T 1 10 0% 408 40° 1 10
Mean expression level (mRNA per cell) Mean expression level (mRNA per cell)
10 C 10 D
10p Ko Koy
L s e F e i R B
, o2
= k
B 107 ke, E :Ff_________________
-
102 =
- 104, ;
10-4 - | 1
102 : o’ 1 10 1 10
Mean expression level (MRNA per cell) Mean expression level (A.U.)

Figure 3. Gene expression level in E. coli isvaried by changing the gene off-rate
(A) The burstiness b as a function of the mean expression level (n). Markers, smFISH data.

Solid line, theoretical prediction for the case of varying only K¢ The theoretical curve is
obtained by solving analytically the expression for b({n)) and then using k,, and krx as
fitting parameters. Shaded green area designates the 95% confidence interval of the fit.

(B) The noise 77 as a function of the mean expression level (n). Notations as in panel (A).
The theoretical parameters (K., krx) extracted from fitting b((n)) in panel (A) were used to
plot the theoretical curve.

(C) The estimated rate parameters for gene activity in E. coli. These were obtained from
fitting b((n)) in panel (A) to the case of varying K. in the two-state model. The errors in Ky,
and krx (green shade) are based on the variability in estimates between individual promoters
(FIGURE S11). The error in K¢ (green shade) is calculated from the resulting fit.

(D) Direct measurement of the two-state rate parameters in individual living cells. mRNA
production from the promoter Pjac/ara Was quantified using the MS2-GFP method 2. Data
(markers) is from 9 independent experiments (>400 cells). Error bars represent standard
errors within each experiment. Solid lines are fits to second degree polynomials.
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Figure4. Thetranscriptional time-series optimizesinformation representation by the cell
(A) The plot shows b—1 = ¢%/(n)—1 as a function of the mean expression level (n). Markers

designate experimental data (same data set as in FIGURE 3A above). Solid line, fit to a
power law 0%/(n)—1= (n)%x. The power law yields a good fit (RZ = 0.76) in the range (n) ~
0.3-40, and allows an estimation of the parameters x and a.

(B) The calculated mutual information | between outside stimulus and the transcriptional
time-series (scaled to represent the protein species) is plotted for a typical bacterial
promoter. A power-law behavior of b({n)) is assumed, b—1= (n)¥x, and | is plotted as a
function of the parameters x and a. As seen from the plots to the right and above, the values
of xand a corresponding to the experimental data lie very close to the “ridge” in I(x,@). The
shaded region around the experimental data point (+) represents the error estimate based the
multiple sources: x and « estimation from the fit in panel (A); the number of protein
molecules produced from each mRNA 4732; mRNA lifetime !8; and cell doubling time.

(C) The histogram of mutual information (I) values is plotted, for the different (x,@)
combinations examined in panel (B). The E. coli transcriptional time-series exhibits a
mutual information value (I a 2.5) that is much higher than the average performance by all
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possible modulation schemes (I = 0.68). The shaded area corresponds to the experimental
error estimate for x and @, as in Panel (B).
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