





















































suffers from DNA damage, it would need DNA repair proteins (Neidhardt, Ingraham et al., 1990). To
optimize the utilization of energy and materials, a cell gathers information about its environment, makes
the proteins it needs, and shuts down the production of unnecessary proteins (Alberts, 2008). The control
of the production of the right amount of the right set of proteins at the right moment of time is called gene
regulation. Gene regulation is essential to all living cells, allowing them to survive and thrive in changing

environments.

Information flow from DNA to protein is mostly regulated at the transcription level

The information flow from DNA to protein can be controlled by regulating any step along the flow.
For example, a cell can change the rate of transcription or the rate of translation. The transcription of
genes from DNA into mRNA is the first step in the information flow from genes to proteins, so it is natural
that most regulation is done at the transcription level, avoiding the production of superfluous

intermediates (Alberts, 2008).

Transcription factors are the regulators of information flow

Transcription factors are protein molecules Slgnal 1 Slgnal 2 Slgnal 3 Slgnal 4 cee [Signal N]
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Transcription factors (TF’s) are protein molecules that monitor

transcription. Information flows from the the environment and regulate genes accordingly. Adapted from
environment to transcription factors, whose Alon, 2007.
activities constitute an intra-cellular representation of the environment signals, then to the genes (Figure
1.3). In this sense, a cell works just like a microscopic information processor. It takes environmental
signals as inputs, uses transcription factors to “calculate” the types and amounts of proteins to make, and
responds to the environmental signals by making the appropriate proteins (Alon, 2007).

As an example, the Lac repressor, one of the first transcription factors that was identified, isolated,
and characterized, monitors the presence of lactose in the environment (Miiller-Hill, 1996). When there is

no lactose, Lac repressor binds to specific sites on the E. coli DNA called lac operators to repress

3 A promoter is a region on the DNA upstream of a gene, where RNA polymerase binds and initiates the transcription of mRNA.



transcription of the genes involved in lactose metabolism. When lactose is present, however, Lac
repressor is inactivated, and is no longer able to bind DNA. Lactose metabolism genes are no longer
repressed, and the proteins responsible for transporting and digesting lactose are produced (Miiller-Hill,

1996).
1.4 The “rate” approximation and beyond

The Boolean approximation and the “rate” descriptfion

To capture the essence of A
simple gene regulation schemes,
the Boolean approximation is

sometimes used. In this
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algebra. In some cases the Figure 1.4. Poisson and bursty transcriptional time-series.

Boolean description suffices if a  The horizontal axis is time in arbitrary units. Each vertical bar represents one

e e . . transcription event, in which one mRNA molecule is produced.
qualitative picture is all we need.

. . (A) A Poisson transcriptional time-series is characterized by a constant probability
However, for quantitative studies,  of transcription per unit time, resulting in exponentially distributed waiting times

the Boolean approximation might between events.

. (B) A bursty transcriptional time-series is characterized by short, intense bursts of
not suffice. To improve the events, separated by extended periods of quiescence. The two time-series give

fidelity we can use the “rate” the same mean mRNA molecules per cell. Adapted from Golding and Cox, 2006.

approximation, where we

consider gene activity as a Poisson process characterized by a “rate”—the probability of transcribing an
mRNA molecule per unit time. Figure 1.4A shows a Poisson transcriptional time-series4, where each
event (vertical bar) in the time-series is the production of one mRNA molecule. The waiting times
between the events are exponentially distributed. This is a significant step forward, and can yield a lot

more quantitative information about the system.

“ A transcriptional time-series is a discrete series of transcription events in time. Each event in the time-series is the production
of one mRNA molecule.



Beyond the “rate” approximation: bursty transcriptional time-series

We now know that the transcription in E. coli is bursty, characterized by short, intense bursts of
mRNA production events, separated by extended periods of quiescence (Figure 1.4B) (Golding and Cox,
2006; Golding, Paulsson et al., 2005). This is also true for other organisms studied so far, including yeast
(Zenklusen, Larson et al., 2008), social amoeba (Chubb, Trcek et al., 2006), and mammalian cells (Raj,
Peskin et al., 2006; Yunger, Rosenfeld et al., 2010). This means a single “rate” would not be enough to
describe the bursty transcriptional time-series of mRNA production. In other words, instead of just
varying the “rate” of transcription as in the Poisson scenario, there are multiple possible ways to change

the mean expression level (mRNA molecules per cell) of a gene.

The two-state model
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the “on” state, with rate krx. Figure 1.5. The two-state model.

mRNA is degraded StOChaStlcally (A) The two-state model is a simple, phenomenological, probabilistic
mathematical model for describing bursty transcriptional time-series. A gene
switches between “on” and “off” states with rates k., and k.. mRNA is produced
with rate kqx only when the gene is “on” and existing mRNA molecules are
degraded with rate ky.

with rate k4. This model naturally
leads to bursty transcriptional

time-series, with the “off” state (B) Modulating each of the three kinetic parameters of mRNA production in the

two-state model corresponds to changing one of the three features of the bursty

corresponding to the quiescence e X ,
transcriptional time-series.

periods and the “on” state

corresponding to the periods of activity. The two-state model can be solved analytically to give
expressions for the mean, variance, and all higher moments of the steady-state mRNA distribution in
terms of the kinetic parameters k,,, ko, krx, and kq (see Section 3.1 for details) (Peccoud and Ycart,
1995; Raj, Peskin et al., 2006; Shahrezaei and Swain, 2008). Measured mRNA kinetics (Chubb, Trcek et
al., 2006; Golding, Paulsson et al., 2005) and copy-number statistics (Golding, Paulsson et al., 2005; Raj,
Peskin et al., 2006; Tan and van Oudenaarden; Zenklusen, Larson et al., 2008) have been shown to be

consistent with the two-state picture in a variety of model systems. However, this picture is still purely
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3 From mRNA Statistics to Transcription Kinetics

In the previous chapter I explained how the mRNA copy-number statistics of E. coli cells was
obtained using smFISH. In this chapter, I will revisit the two-state model introduced in Chapter 1, and
describe how this model allows us to connect the mRNA copy-number statistics to the stochastic
transcription kinetics. I will then explain how the burstiness of the transcriptional time-series is
quantified. Section 3.2 and Section 3.3 contain technical details on how the smFISH data was
normalized to compensate for the different gene copy-number and mRNA lifetimes across different data
sets. In the next chapter, I will use the tools introduced here to analyze smFISH data, and I will present

the resulting findings.

3.1 The two-state model and burstiness

Predicted population statistics for the two-state model

As described in Chapter 1 the two-state model is a simple phenomenological model for describing
bursty transcriptional time-series. A gene switches stochastically between an “on” state and an “off” state,
and mRNA is produced only in the “on” state (Figure 1.5A). The steady-state distribution of mRNA

copy-number for the two-state model is given by

_ mg'e™™s T({o+m)I'({o+{1) .
P(m) - m! F({0+{1+m)f‘({0) 1F1 ({1' ZO + Zl + m’ mS)’ (3‘1)

(Peccoud and Ycart, 1995; Raj, Peskin et al., 2006; Shahrezaei and Swain, 2008), where P(m) is the
probability of having m mRNA molecules per cell, mg = kix/kq, {o = kon/ka, {1 = kost/kq, ['(2) is the
gamma function (Abramowitz and Stegun, 1972), and ,F; (a, b; z) is the confluent hypergeometric function

of the first kind (Abramowitz and Stegun, 1972). The mean of this distribution is

konkTX
(n) = —"—"— .2
(kon+Koff)kd’ (3-2)
while the variance is
0_2 — konkTx KonKoff k’lz“X (33)

- (kontkotp)kd (kon+koff)2 kd(kon+koff+kd)
(Peccoud and Yecart, 1995; Sanchez and Kondev, 2008).
In the “rapid burst” regime where k. > ky, Equation (3.1) tends to a negative binomial

distribution

__T(r+m)

r _.\m

P(m)

where r = k,,/kq is the number of times the gene turns “on” per mRNA lifetime and p = kyg/(koss + k1x) 1S
the probability that the gene will turn “off” when it is “on”. In the Poisson limit where k, = 0, i.e. the gene

is always “on”, Equation (3.1) reduces to a Poisson distribution
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Figure 3.2. Comparing the measured burstiness B and the Fano
factor b.

The measured burstiness of a simulated transcriptional time-
series B = Z’;—:’ (Goh and Barabasi, 2008) is plotted against the

Fano factor b. g, and m, are the standard deviation and mean of
the inter-event times in the simulated time series, respectively.
B was calculated from simulation data. b was calculated from the
kinetic parameters using Equations (3.2) and (3.3). Each data
point is based on a specific combination of transcription kinetics
parameters, and about 48,000 distinct combinations are
represented in this plot. The monotonically increasing
relationship demonstrates that b is an appropriate measure of

Alx-1)¢ -
D+?x—1)c’ giving 4 = 0.95,

0 20 40 60 80 100
b=0/(n)

burstiness. The red curve is a fit toy =
C = 0.81, and D = 2.4, R? = 0.97.

any set of kinetic parameters (Kepler and Elston, 2001; Peccoud and Ycart, 1995; Raj, Peskin et al., 2006;

Shahrezaei and Swain, 2008; Simpson, Cox et al., 2004).

3.2 Correcting for gene copy-number

An E. coli cell typically has multiple copies of its genome

The two-state model only takes into account a single copy of the gene-of-interest. In reality, bacterial
cells could have multiple copies of their DNA, and the copy-number of a given gene can range from one to
eight, depending on growth conditions and cell age (Neidhardt, 1987). This is due to the fact that cells
have to finish replicating their DNA before each cell division, and fast-growing cells would even start new
rounds of replication even before the previous one is complete. Since I am interested in the kinetics of
mRNA production from a single gene copy, I have to normalize my data appropriately.

I first need to have an estimate of the population average of the copy-number of my gene-of-interest
(X). To do that, I used the formula8

(X) = 2[C(1—m')+D]/Tg’ (3.7)
(Bremer and Churchward, 1977) where C and D are the durations of the C- and D-periods (the time

needed for replicating the genome and the time between termination of replication and cell division,

respectively) (Neidhardt, 1987) in minutes, 7, is the cell doubling time in minutes?, and m’ is the

normalized distance of the gene from oriC, which I know for each of the constructs I used (Figure 3.3). C

8 This formula was derived assuming exponential increase of the number of replication origins, number of replication termini,
and number of cells in an exponentially growing population of cells. With these assumptions, the number of replication termini in
the culture always lags the number of replication origins by € minutes, and the number of cells in the culture always lags the
number of replication termini by D minutes.

% Cells were grown in 1 ml of culture in a well of a 24-well plate (Corning, #3526) at 37°C in a plate reader (Tecan Infinite F200),
with kinetic cycles settings: 1 mm orbital shaking for 600 seconds, then measure OD4 With 10 flashes after 1 second of settle
time. ODsoo as a function of time is then fitted to log, y = Ax + B, and cell doubling time was calculated from 7, = —1/4.
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Figure 4.1. Gene-independent behavior of the burstiness of transcriptional time-series.

(A) The burstiness of the lactose promoter P, as a function of the mean expression level. The dependence of the
burstiness on the mean expression level is the same when induction of P, is achieved by de-repression by IPTG or

activation by cAMP.

(B) The burstiness of 20 promoters under more than 50 growth conditions as a function of the mean expression level.
The dependence of the burstiness on the mean expression level is the same for all the promoters under all growth

conditions.

irrespective of the mode of regulation. This suggests the
possibility that the burstiness of transcriptional time-series
might arise from factors other than the molecular details of
regulation of a specific promoter. To further examine this
possibility, I extended the analysis to a variety of promoters

that have very different regulation mechanisms.

The burstiness of multiple promoters of E. coli
shows the same dependence on the mean

expression level

In addition to the lactose promoter P4, I used smFISH
to quantify mRNA statistics from 19 other E. coli promoters:
the galactose promoter Pyarrkm (Tokeson, Garges et al., 1991;
Weickert and Adhya, 1993), the multiple antibiotic resistance
promoter Ppqm (Alekshun and Levy, 1999), the ribosomal
RNA promoter rrnBP1 (Hernandez and Bremer, 1990;
Potrykus, Vinella et al., 2006), the biotin promoter Puioprcn
(Abdel-Hamid and Cronan, 2007; Barker and Campbell,
1980), the bacteriophage A promoter Pg, and 13 variants of

the bacteriophage A promoter Pry (Lim and Sauer, 1980;
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Figure 4.2. Theoretical prediction of the
burstiness due to binding kinetics of
transcription factor as a function of the
expression level.

The burstiness b is plotted against the
normalized expression level (n)/(N)max
calculated based on a theoretical model in
which the burstiness arises from binding and
unbinding of transcription factors (Sanchez,
Garcia et al., 2011). The red line represents
simple activation and the black line represents
simple repression, both having the same
transcription factor affinity. They show
distinctly different dependences of the
burstiness on the expression level. Figure
adapted from Figure 5B of Sanchez, Garcia et
al., 2011.















the validity of my parameter estimation, I performed Gillespie simulations (see Appendix D.1 for details)
(Gillespie, 1977) of mRNA kinetics and verified that the theoretical and experimental copy-number
histograms are in agreement, beyond the mere values of (n) and o2 (Figure 4.10). 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, I found that the average deviation of a single-promoter
data from the universal fit is ~33% (Figure 4.11A). Six of seven data sets exhibit a correlation coefficient
above 0.85 between the data and the theoretical prediction (Figure 4.11B).

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: k,,, the rate of switching to the “on” state,
which determines the frequency of bursts, krx, the rate of producing mRNA while the gene is “on”, and
kg, the rate of switching back to the “off” state, which determines the duration of bursts. k., and kx are
approximately constant for different genes and expression levels, while k changes over more than three
orders of magnitude when expression level is varied (Figure 4.6B). 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 my single-cell
measurements (krx = 0.23 + 0.11s71) is in good agreement with values from the literature (Kennell and
Riezman, 1977; Liang, Bipatnath et al., 1999; Neidhardt, 1987). Interestingly, I also noted a dependence of
ko, and krx on the bacterial growth rate (Figure 4.8).

4.3 Gene-independent behavior suggests transcription bursts arise

from global regulation mechanisms

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 how the rates of switching between states can be varied in the individual cell or over the time
course of evolution. However, the gene-independent behavior I observed 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, such as the presence or absence of feedback, as commonly
proposed in literature (Garcia, Sanchez et al., 2010; Golding, Paulsson et al., 2005; Kepler and Elston,
2001; Mitarai, Dodd et al., 2008; Sanchez, Garcia et al., 2011; Simpson, Cox et al., 2004). Instead, my
finding here, that the properties of the transcriptional time-series are gene-independent rather than gene-
specific, suggests that 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, such as DNA topology dynamics,
RNA polymerase dynamics, or regulation by broad-target DNA-binding proteins (Mitarai, Dodd et al.,
2008; Mooney, Davis et al., 2009; Reppas, Wade et al., 2006). Thus, all genes expressed at a given level

exhibit a similar transcriptional time-series. Interestingly, these types of mechanisms are reminiscent of
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those suggested to underlie non-Poissonian transcription kinetics in eukaryotes, where the burstiness is
broadly ascribed to “chromatin modifications” (Blake, M et al., 2003; Raj, Peskin et al., 2006; Whitelaw,

Chong et al., 2010).

4.4 Summary

In this chapter I described the gene-independent behavior of burstiness in E. coli. The burstiness of
20 promoters in a range of growth conditions follows the same dependence on the mean expression level.
This behavior is best explained by the gene off-rate modulation scheme, in which the expression level is
changed by varying the duration of transcription bursts. This observation rules out theoretical models
attributing transcription bursts to specific details of regulation of an individual promoter, and suggests
that transcription bursts arise from global mechanisms common to all promoters. In the next chapter, I
will present results from live-cell experiments, which provides additional evidence for the gene off-rate

modulation picture.
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Figure 4.7. Fitting the modulation schemes to smFISH data from individual promoters.
(A) The number of smFISH data points obtained from individual promoters.

(B) The R? of fits yielded from fitting the three modulation schemes to smFISH data obtained from individual promoters. The
R? of fitting the k,-modulation scheme is consistently higher than the R? for the other two schemes. The actual fits of the
kosr-modulation scheme are shown in panel (E).

(C and D) ko, and kyx values obtained from fitting the ky-modulation scheme to smFISH data obtained from individual
promoters. The black line is the value obtained from a fit to all data points, with the 95% confidence interval shown in green
shading. The actual fits of the k.;-modulation scheme are shown in panel (E).

(E) Fits of the k-modulation scheme to the smFISH data obtained from individual promoters. The black line is a fit to all
data points.
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Figure 4.8. Fitting the modulation schemes to subsets of smFISH data separated by generation time.
(A) The number of smFISH data points in each subset.

(B) The R? of fits yielded from fitting the three modulation schemes to subsets of the smFISH data separated by generation
time. The R? of fitting the k,s-modulation scheme is consistently higher than the R? for the other two schemes. The actual
fits of the k,¢-modulation scheme are shown in panel (E).

(C and D) kg, and kx values obtained from fitting the k.;-modulation scheme to subsets of smFISH data separated by
generation time. There is an obvious trend of k., increasing with generation time. Grey line is a linear fit. The black line is
the value obtained from a fit to all data points, with the 95% confidence interval shown in green shading. The actual fits of
the ky-modulation scheme are shown in panel (E).

(E) Fits of the ky¢-modulation scheme to subsets of the smFISH data separated by generation time. The black line is a fit to
all data points.
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Figure 4.9. k,;-modulation fails to describe the behavior of randomly generated promoters.

(A) The grey markers are b and (n) calculated from randomly generated k,,, kofr, and kyyx using analytic expressions
(Equations (3.2), (3.3), and (3.6)). kn, kofr, and kyyx were chosen randomly from ranges spanning four orders of magnitude,
and data with (n) = 100 were discarded. The black curve is a fit of the kq-modulation curve to this data. The R? obtained
from this fit is 0.08, significantly lower than that obtained from fitting to smFISH data (R? = 0.81, see Figure 4.6A).

(B) The histogram of the R? values obtained from fits of the k.¢-modulation curve to 10,000 sets of data from randomly
generated kg, ko, and krx. Each set has the same number of points as in our smFISH data. The mean R? is 0.14, significantly
lower than that obtained from fitting to the smFISH data (R? = 0.81, see Figure 4.6A).
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Figure 4.10. Comparing mRNA distributions from experiments and theory.

The distributions of mRNA copy-number (red markers, lower panels) from eight smFISH experiments (marked | to VIl in top
panel) were compared to the theoretically predicted distributions (black lines, lower panels) (Equation (3.1)). To take into
account the effects of the gene copy number X, the theoretical distributions were calculated using scaled transcription
kinetics parameters: kg, = kon X (X), kot = koss X (X), and kyx = kx X (X), where (X) is the estimated average gene copy
number of the population (Section 3.2).
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Figure 4.11. Comparing individual promoter data to the universal theoretical fit.

(A) The ratio of experimental to theoretical burstiness for individual promoters. b, is the burstiness estimated from smFISH
data. byeory is the burstiness predicted from the theoretical, gene-independent fit in Figure 4.6A (at the same expression
level). Grey crosses denote the individual experiments. Black crosses mark the mean + standard deviation of the data from
each promoter. The dashed horizontal line and the horizontal grey patch denote the mean + standard deviation for all the
data sets pooled together. The average deviation of an individual promoter from the universal theoretical fit is ~33%.

(B) The correlation coefficient between the experimental and theoretical values of the burstiness. Data sets are the same as
in Panel (A). The dashed horizontal line marks the correlation coefficient corresponding to all data sets pooled together. The
correlation coefficients between six out of the seven promoters and the universal theoretical fit are bigger than 0.85.
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of MS2-GFP. pIG-BAC(Piac/ara-mRFP1-96bs) is an F-based plasmid, with the IPTG and L-(+)-arabinose

inducible promoter Pjac/ara controlling expression of mRFP1 followed by an array of 96 MS2d binding sites.

Time-lapse microscopy

Cells were grown overnight in LB with the required antibiotics at 37°C with shaking, and diluted
1000-fold into LB with antibiotics and various amounts of IPTG and/or L-(+)-arabinose. Cells were grown
at 37°C with shaking until ODs,, reached about 0.2. aTc was then added to a final concentration of 10
ng/ml32. The cells were then grown at 27°C for one hourss. 1 pl of cell culture was pipetted onto a 24 x 50
mm #1 coverslip (Figure B.2A). A 1 mm thick 1.5% agarose gel pad (in LB, with inducers34) (Figure B.3)
was laid on the sample (Figure B.2B). A 22 x 22 mm #1 coverslip was placed on top of the agarose gel
pad (Figure B.2C). A time-lapse movie of the growing cells was recorded using an inverted
epifluorescence microscope (Nikon Instruments Eclipse TE2000-E) and a cooled EMCCD camera
(Photometrics Cascade 512). A 100x N.A. 1.40 oil immersion phase contrast objective (Nikon Instruments
Plan Apo 100x / 1.40 Oil) was used in conjunction with a 2.5x lens in front of the camera. The microscope
and camera were controlled using the Metamorph software (Molecular Devices). TexasRed filter set
(Nikon Instruments, #96365) was used for imaging mRFP1. GFP filter set (Nikon Instruments, #96362)
was used to image MS2-GFP. Nine z-stacks at 250 nm spacing were obtained for phase contrast images.

The cells were imaged at two-minute intervals.

Image processing and data analysis

Images from time-lapse movies were processed and analyzed using MATLAB programs. Cell
recognition was performed on phase contrast images of cells using the Schnitzcell MATLAB module (gift
of Michael Elowitz, California Institute of Technology) as described in Section 2.2. Cell lineages were
reconstructed using a cell tracking program developed in our lab. RNA signals (localized MS2-GFP
fluorescence) at each time point were detected and quantified using a spot recognition program developed
in our lab as described in Appendix C.1. RNA time series of each cell lineage was analyzed by a step
detection program developed in our lab, as described in Appendix C.2. Quantities such as gene “on” and

“off” times, average mRNA per cell, and transcription burst sizes were then extracted.

32 A range of aTc concentrations were initially tested, and 10 ng/ml gave the best consistency. Cells became unhealthy at higher
concentrations because of the toxicity of aTc, while lower concentrations were not able to give enough MS2-GFP.

3 The temperature shift gives cells time to adapt to the lower temperature, because time-lapse microscopy was done at ambient
temperature, which is about 27°C.

3 Agarose in LB is melted by heating, cooled to 55°C, and 10 ng/ml aTc and the same concentrations of IPTG and L-(+)-arabinose
as in the culture were added to the molten agarose.
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Figure D.1. Simultaneous modulation of all three kinetic parameters.
(A) b as a function of the mean expression level (n). The data (grey markers) is reproduced from Figure 4.1B. The data set is
approximated by a Hill function (black line). Each point (¢2,(n)) along the Hill curve (colored markers) defines a curve in

(kon» kosf, kTx) Space (panel B, curves of the same color).

(B) An ensemble of trajectories in k-space yielding the observed (a?,(n)) behavior. Each colored curve corresponds to a
marker of the same color in panel (A). The black lines are trajectories traversing the colored lines, such that the trajectory

is always perpendicular to a colored line when they intersect. Each black trajectory arises from a choice of an initial kty
ranging from 0.003 s to 10 s™.

(C) kon, koif, and kty as a function of (n) given by each of the black trajectories in panel (B).

69



70



REFERENCES

Abdel-Hamid, A. M. and J. E. Cronan (2007). "Coordinate expression of the acetyl coenzyme A
carboxylase genes, accB and accC, is necessary for normal regulation of biotin synthesis in
Escherichia coli." J Bacteriol 189(2): 369-76.

Abramowitz, M. and I. Stegun (1972). Handbook of mathematical functions with formulas, graphs, and
mathematical tables, Dover Publications, New York.

Alberts, B. (2008). Molecular biology of the cell. Reference edition. New York, Garland Science.

Alekshun, M. N. and S. B. Levy (1999). "The mar regulon: multiple resistance to antibiotics and other
toxic chemicals." Trends Microbiol 7(10): 410-3.

Alon, U. (2007). An introduction to systems biology: design principles of biological circuits. Boca Raton,
FL, Chapman & Hall/CRC.

Arraiano, C. M., J. M. Andrade, S. Domingues, I. B. Guinote, M. Malecki, R. G. Matos, R. N. Moreira, V.
Pobre, F. P. Reis, M. Saramago, I. J. Silva and S. C. Viegas (2010). "The critical role of RNA
processing and degradation in the control of gene expression." FEMS Microbiol Rev 34(5): 883-
923.

Austin, D. W., M. S. Allen, J. M. McCollum, R. D. Dar, J. R. Wilgus, G. S. Sayler, N. F. Samatova, C. D. Cox
and M. L. Simpson (2006). "Gene network shaping of inherent noise spectra." Nature 439(7076):
608-11.

Ausubel, F. M. (1987). Current protocols in molecular biology. Brooklyn, N. Y., John Wiley & Sons.

Bar-Even, A., J. Paulsson, N. Maheshri, M. Carmi, E. O'Shea, Y. Pilpel and N. Barkai (2006). "Noise in
protein expression scales with natural protein abundance." Nat Genet 38(6): 636-43.

Barker, D. F. and A. M. Campbell (1980). "Use of bio-lac fusion strains to study regulation of biotin
biosynthesis in Escherichia coli." J Bacteriol 143(2): 789-800.

Bernstein, J. A., A. B. Khodursky, P. H. Lin, S. Lin-Chao and S. N. Cohen (2002). "Global analysis of
mRNA decay and abundance in Escherichia coli at single-gene resolution using two-color
fluorescent DNA microarrays." Proc Natl Acad Sci U S A 99(15): 9697-702.

Bertrand, E., P. Chartrand, M. Schaefer, S. M. Shenoy, R. H. Singer and R. M. Long (1998). "Localization
of ASH1 mRNA particles in living yeast." Mol Cell 2(4): 437-45.

Blake, W. J., K. A. M, C. R. Cantor and J. J. Collins (2003). "Noise in eukaryotic gene expression." Nature
422(6932): 633-7.

Blattner, F. R., G. Plunkett, 3rd, C. A. Bloch, N. T. Perna, V. Burland, M. Riley, J. Collado-Vides, J. D.
Glasner, C. K. Rode, G. F. Mayhew, J. Gregor, N. W. Davis, H. A. Kirkpatrick, M. A. Goeden, D. J.
Rose, B. Mau and Y. Shao (1997). "The complete genome sequence of Escherichia coli K-12."
Science 277(5331): 1453-62.

Bremer, H. and G. Churchward (1977). "An examination of the Cooper-Helmstetter theory of DNA
replication in bacteria and its underlying assumptions." J Theor Biol 69(4): 645-54.

Bustin, S. A. and T. Nolan (2004). "Pitfalls of quantitative real-time reverse-transcription polymerase
chain reaction." J Biomol Tech 15(3): 155-66.

Cai, L., N. Friedman and X. S. Xie (2006). "Stochastic protein expression in individual cells at the single
molecule level." Nature 440(7082): 358-62.

Campbell, N. and J. Reece (2005). Biology, Pearson, Benjamin Cummings.

Campbell, R. E., O. Tour, A. E. Palmer, P. A. Steinbach, G. S. Baird, D. A. Zacharias and R. Y. Tsien (2002).
"A monomeric red fluorescent protein." Proc Natl Acad Sci U S A 99(12): 7877-82.

Chubb, J. R., T. Trcek, S. M. Shenoy and R. H. Singer (2006). "Transcriptional pulsing of a developmental
gene." Curr Biol 16(10): 1018-25.

Chubb, J. R. and T. B. Liverpool (2010). "Bursts and pulses: insights from single cell studies into
transcriptional mechanisms." Curr Opin Genet Dev 20(5): 478-84.

Coburn, G. A. and G. A. Mackie (1999). "Degradation of mRNA in Escherichia coli: an old problem with
some new twists." Prog Nucleic Acid Res Mol Biol 62: 55-108.

Cormack, B. P., R. H. Valdivia and S. Falkow (1996). "FACS-optimized mutants of the green fluorescent
protein (GFP)." Gene 173(1 Spec No): 33-8.

Cox, C. D., J. M. McCollum, M. S. Allen, R. D. Dar and M. L. Simpson (2008). "Using noise to probe and
characterize gene circuits." Proc Natl Acad Sci U S A 105(31): 10809-14.

Crick, F. (1970). "Central dogma of molecular biology." Nature 227(5258): 561-3.

71



Datsenko, K. A. and B. L. Wanner (2000). "One-step inactivation of chromosomal genes in Escherichia
coli K-12 using PCR products." Proc Natl Acad Sci U S A 97(12): 6640-5.

Dobrzynski, M. and F. J. Bruggeman (2009). "Elongation dynamics shape bursty transcription and
translation." Proc Natl Acad Sci U S A.

Elowitz, M. B., A. J. Levine, E. D. Siggia and P. S. Swain (2002). "Stochastic gene expression in a single
cell." Science 297(5584): 1183-6.

Fang, F. C. (2005). "Sigma cascades in prokaryotic regulatory networks." Proc Natl Acad Sci U S A
102(14): 4933-4.

Femino, A. M., F. S. Fay, K. Fogarty and R. H. Singer (1998). "Visualization of single RNA transcripts in
situ." Science 280(5363): 585-90.

Fusco, D., N. Accornero, B. Lavoie, S. M. Shenoy, J. M. Blanchard, R. H. Singer and E. Bertrand (2003).
"Single mRNA molecules demonstrate probabilistic movement in living mammalian cells." Curr
Biol 13(2): 161-7.

Garcia, H. G., A. Sanchez, T. Kuhlman, J. Kondev and R. Phillips (2010). "Transcription by the numbers
redux: experiments and calculations that surprise.” Trends Cell Biol.

Geva-Zatorsky, N., E. Dekel, A. A. Cohen, T. Danon, L. Cohen and U. Alon (2010). "Protein dynamics in
drug combinations: a linear superposition of individual-drug responses." Cell 140(5): 643-51.

Gillespie, D. T. (1977). "Exact Stochastic Simulation of Coupled Chemical-Reactions." Journal of Physical
Chemistry 81(25): 2340-2361.

Goh, K. I. and A. Barabasi (2008). "Burstiness and memory in complex systems." Epl 81(4): -.

Golding, I. and E. C. Cox (2004). "RNA dynamics in live Escherichia coli cells." Proc Natl Acad Sci U S A
101(31): 11310-5.

Golding, I., J. Paulsson, S. M. Zawilski and E. C. Cox (2005). "Real-time kinetics of gene activity in
individual bacteria." Cell 123(6): 1025-36.

Golding, I. and E. C. Cox (2006). "Eukaryotic transcription: what does it mean for a gene to be 'on'?" Curr
Biol 16(10): R371-3.

Golding, I. and E. C. Cox (2008). "Chapter 8: Spatiotemporal dynamics in bacterial cells: real-time studies
with single-event resolution.” Methods Cell Biol 89: 223-51.

Hernandez, V. J. and H. Bremer (1990). "Guanosine tetraphosphate (ppGpp) dependence of the growth
rate control of rrnB P1 promoter activity in Escherichia coli." J Biol Chem 265(20): 11605-14.

N. P. Higgins, Ed. (2005). The bacterial chromosome. Washington, D.C., ASM Press.

Hobman, J. L., C. W. Penn and M. J. Pallen (2007). "Laboratory strains of Escherichia coli: model citizens
or deceitful delinquents growing old disgracefully?" Mol Microbiol 64(4): 881-5.

Iost, I. and M. Dreyfus (1995). "The stability of Escherichia coli lacZ mRNA depends upon the
simultaneity of its synthesis and translation." EMBO J 14(13): 3252-61.

Kaern, M., T. C. Elston, W. J. Blake and J. J. Collins (2005). "Stochasticity in gene expression: from
theories to phenotypes." Nat Rev Genet 6(6): 451-64.

Kennell, D. and H. Riezman (1977). "Transcription and translation initiation frequencies of the
Escherichia coli lac operon." J Mol Biol 114(1): 1-21.

Kepler, T. B. and T. C. Elston (2001). "Stochasticity in transcriptional regulation: origins, consequences,
and mathematical representations.” Biophys J 81(6): 3116-36.

Kittisopikul, M. and G. M. Suel (2010). "Biological role of noise encoded in a genetic network motif." Proc
Natl Acad Sci U S A 107(30): 13300-5.

Kuhlman, T., Z. Zhang, M. H. Saier, Jr. and T. Hwa (2007). "Combinatorial transcriptional control of the
lactose operon of Escherichia coli." Proc Natl Acad Sci U S A 104(14): 6043-8.

Liang, S., M. Bipatnath, Y. Xu, S. Chen, P. Dennis, M. Ehrenberg and H. Bremer (1999). "Activities of
constitutive promoters in Escherichia coli." J Mol Biol 292(1): 19-37.

Lim, W. A. and R. T. Sauer (1989). "Alternative packing arrangements in the hydrophobic core of lambda
repressor.” Nature 339(6219): 31-6.

Little, J. W., D. P. Shepley and D. W. Wert (1999). "Robustness of a gene regulatory circuit." EMBO J
18(15): 4299-307.

Lutz, R. and H. Bujard (1997). "Independent and tight regulation of transcriptional units in Escherichia
coli via the LacR/O, the TetR/O and AraC/I1-12 regulatory elements." Nucleic Acids Res 25(6):
1203-10.

Mao, C., C. R. Brown, E. Falkovskaia, S. Dong, E. Hrabeta-Robinson, L. Wenger and H. Boeger (2010).
"Quantitative analysis of the transcription control mechanism." Mol Syst Biol 6: 431.

72



Michalowski, C. B. and J. W. Little (2005). "Positive autoregulation of cI is a dispensable feature of the
phage lambda gene regulatory circuitry." J Bacteriol 187(18): 6430-42.

Miller, J. H. (1992). A short course in bacterial genetics : a laboratory manual and handbook for
Escherichia coli and related bacteria. Plainview, N.Y., Cold Spring Harbor Laboratory Press.

Mitarai, N., I. B. Dodd, M. T. Crooks and K. Sneppen (2008). "The generation of promoter-mediated
transcriptional noise in bacteria." PLoS Comput Biol 4(7): e1000109.

Mooney, R. A., S. E. Davis, J. M. Peters, J. L. Rowland, A. Z. Ansari and R. Landick (2009). "Regulator
trafficking on bacterial transcription units in vivo." Mol Cell 33(1): 97-108.

Miiller-Hill, B. (1996). The lac Operon : a short history of a genetic paradigm. Berlin ; New York, Walter
de Gruyter.

Neidhardt, F., J. Ingraham and M. Schaechter (1990). Physiology of the bacterial cell: a molecular
approach, Sinauer Associates.

Neidhardt, F. C. (1987). Escherichia coli and Salmonella typhimurium : cellular and molecular biology.
Washington, D.C., American Society for Microbiology.

Newman, J. R., S. Ghaemmaghami, J. Thmels, D. K. Breslow, M. Noble, J. L. DeRisi and J. S. Weissman
(2006). "Single-cell proteomic analysis of S. cerevisiae reveals the architecture of biological
noise." Nature 441(7095): 840-6.

Nolan, T., R. E. Hands and S. A. Bustin (2006). "Quantification of mRNA using real-time RT-PCR." Nat
Protoc 1(3): 1559-82.

Pare, A., D. Lemons, D. Kosman, W. Beaver, Y. Freund and W. McGinnis (2009). "Visualization of
individual Scr mRNAs during Drosophila embryogenesis yields evidence for transcriptional
bursting." Curr Biol 19(23): 2037-42.

Paulsson, J. and M. Ehrenberg (2000). "Random signal fluctuations can reduce random fluctuations in
regulated components of chemical regulatory networks." Phys Rev Lett 84(23): 5447-50.

Paulsson, J. (2004). "Summing up the noise in gene networks." Nature 427(6973): 415-8.

Peabody, D. S. and F. Lim (1996). "Complementation of RNA binding site mutations in MS2 coat protein
heterodimers." Nucleic Acids Res 24(12): 2352-9.

Peabody, D. S. (1997). "Subunit fusion confers tolerance to peptide insertions in a virus coat protein."
Arch Biochem Biophys 347(1): 85-92.

Peccoud, J. and B. Ycart (1995). "Markovian Modeling of Gene-Product Synthesis." Theoretical
Population Biology 48(2): 222-234.

Pedersen, S. and S. Reeh (1978). "Functional mRNA half lives in E. coli." Mol Gen Genet 166(3): 329-36.

Pedraza, J. M. and A. van Oudenaarden (2005). "Noise propagation in gene networks." Science 307(5717):
1965-9.

Potrykus, K., D. Vinella, H. Murphy, A. Szalewska-Palasz, R. D'Ari and M. Cashel (2006). "Antagonistic
regulation of Escherichia coli ribosomal RNA rrnB P1 promoter activity by GreA and DksA." J Biol
Chem 281(22): 15238-48.

Proux, F. and M. Dreyfus (2008). "Construction and characterization of E. coli K12 strains in which the
transcription of selected genes is desynchronized from translation." Methods Enzymol 447: 243-
58.

Ptashne, M. (2004). A genetic switch : phage lambda revisited. Cold Spring Harbor, N.Y., Cold Spring
Harbor Laboratory Press.

Raj, A., C. S. Peskin, D. Tranchina, D. Y. Vargas and S. Tyagi (2006). "Stochastic mRNA synthesis in
mammalian cells." PLoS Biol 4(10): e309.

Raj, A., P. van den Bogaard, S. A. Rifkin, A. van Oudenaarden and S. Tyagi (2008). "Imaging individual
mRNA molecules using multiple singly labeled probes." Nat Methods 5(10): 877-9.

Reppas, N. B., J. T. Wade, G. M. Church and K. Struhl (2006). "The transition between transcriptional
initiation and elongation in E. coli is highly variable and often rate limiting." Mol Cell 24(5): 747-
57.

Rosenfeld, N., J. W. Young, U. Alon, P. S. Swain and M. B. Elowitz (2005). "Gene regulation at the single-
cell level." Science 307(5717): 1962-5.

Rosenfeld, N., T. J. Perkins, U. Alon, M. B. Elowitz and P. S. Swain (2006). "A fluctuation method to
quantify in vivo fluorescence data." Biophys J 91(2): 759-66.

Sambrook, J. and D. W. Russell (2001). Molecular cloning : a laboratory manual. Cold Spring Harbor,
N.Y,, Cold Spring Harbor Laboratory Press.

Sanchez, A. and J. Kondev (2008). "Transcriptional control of noise in gene expression.” Proc Natl Acad
Sci US A 105(13): 5081-6.

73



Sanchez, A., H. G. Garcia, D. Jones, R. Phillips and J. Kondev (2011). "Effect of Promoter Architecture on
the Cell-to-Cell Variability in Gene Expression." PLoS Comput Biol 7(3): €1001100.

Sauer, R. T., S. R. Jordan and C. O. Pabo (1990). "Lambda repressor: a model system for understanding
protein-DNA interactions and protein stability." Adv Protein Chem 40: 1-61.

Schmittgen, T. D. and K. J. Livak (2008). "Analyzing real-time PCR data by the comparative C(T)
method." Nat Protoc 3(6): 1101-8.

Selinger, D. W., R. M. Saxena, K. J. Cheung, G. M. Church and C. Rosenow (2003). "Global RNA half-life
analysis in Escherichia coli reveals positional patterns of transcript degradation." Genome Res
13(2): 216-23.

Shahrezaei, V. and P. S. Swain (2008). "Analytical distributions for stochastic gene expression." Proc Natl
Acad Sci US A 105(45): 17256-61.

Shen-Orr, S. S., R. Milo, S. Mangan and U. Alon (2002). "Network motifs in the transcriptional regulation
network of Escherichia coli." Nat Genet 31(1): 64-8.

Simpson, M. L., C. D. Cox and G. S. Sayler (2004). "Frequency domain chemical Langevin analysis of
stochasticity in gene transcriptional regulation." J Theor Biol 229(3): 383-94.

Singh, D., S. J. Chang, P. H. Lin, O. V. Averina, V. R. Kaberdin and S. Lin-Chao (2009). "Regulation of
ribonuclease E activity by the L4 ribosomal protein of Escherichia coli." Proc Natl Acad Sci U S A
106(3): 864-9.

Svenningsen, S. L., N. Costantino, D. L. Court and S. Adhya (2005). "On the role of Cro in lambda
prophage induction." Proc Natl Acad Sci U S A 102(12): 4465-9.

Swain, P. S., M. B. Elowitz and E. D. Siggia (2002). "Intrinsic and extrinsic contributions to stochasticity
in gene expression." Proc Natl Acad Sci U S A 99(20): 12795-800.

Tan, R. Z. and A. van Oudenaarden "Transcript counting in single cells reveals dynamics of rDNA
transcription." Mol Syst Biol 6: 358.

Taniguchi, Y., P. J. Choi, G. W. Li, H. Chen, M. Babu, J. Hearn, A. Emili and X. S. Xie (2010).
"Quantifying E. coli proteome and transcriptome with single-molecule sensitivity in single cells."
Science 329(5991): 533-8.

Thattai, M. and A. van Oudenaarden (2001). "Intrinsic noise in gene regulatory networks." Proc Natl
Acad Sci U S A 98(15): 8614-9.

Tokeson, J. P., S. Garges and S. Adhya (1991). "Further inducibility of a constitutive system:
ultrainduction of the gal operon." J Bacteriol 173(7): 2319-27.

van Zon, J. S., M. J. Morelli, S. Tanase-Nicola and P. R. ten Wolde (2006). "Diffusion of transcription
factors can drastically enhance the noise in gene expression.” Biophys J 91(12): 4350-67.

Weickert, M. J. and S. Adhya (1993). "The galactose regulon of Escherichia coli." Mol Microbiol 10(2):
245-51.

Whitelaw, N. C., S. Chong and E. Whitelaw (2010). "Tuning in to noise: epigenetics and intangible
variation." Dev Cell 19(5): 649-50.

Wilfinger, W. W., K. Mackey and P. Chomczynski (1997). "Effect of pH and ionic strength on the
spectrophotometric assessment of nucleic acid purity." Biotechniques 22(3): 474-6, 478-81.

Yakovleva, G. M., S. K. Kim and B. L. Wanner (1998). "Phosphate-independent expression of the carbon-
phosphorus lyase activity of Escherichia coli." Appl Microbiol Biotechnol 49(5): 573-8.

Yu, J., J. Xiao, X. Ren, K. Lao and X. S. Xie (2006). "Probing gene expression in live cells, one protein
molecule at a time." Science 311(5767): 1600-3.

Yunger, S., L. Rosenfeld, Y. Garini and Y. Shav-Tal (2010). "Single-allele analysis of transcription kinetics
in living mammalian cells." Nat Methods 7(8): 631-3.

Zenklusen, D., D. R. Larson and R. H. Singer (2008). "Single-RNA counting reveals alternative modes of
gene expression in yeast." Nat Struct Mol Biol 15(12): 1263-71.

Zong, C., L.-h. So, L. A. Sepulveda, S. O. Skinner and I. Golding (2010). "Lysogen stability is determined
by the frequency of activity bursts from the fate-determining gene." Mol Syst Biol 6: 440.

74



	ABSTRACT
	ACKNOWLEDGEMENTS
	TABLE OF CONTENTS
	1 Background
	1.1 The Central Dogma of Molecular Biology
	The blueprint of a cell is stored as a linear genetic code
	The genetic code is transcribed into a short-lived intermediate, which is then translated into proteins

	1.2 Escherichia coli, our model organism
	1.3 Gene regulation and cellular information processing
	Gene regulation means making the right amount of the right set of proteins at the right time
	Information flow from DNA to protein is mostly regulated at the transcription level
	Transcription factors are the regulators of information flow

	1.4 The “rate” approximation and beyond
	The Boolean approximation and the “rate” description
	Beyond the “rate” approximation: bursty transcriptional time-series
	The two-state model
	Questions addressed in this work


	2 Quantifying mRNA Statistics in E. coli UsingSingle-Molecule Fluorescence in situ Hybridization
	2.1 Basics of single-molecule fluorescence in situ hybridization
	Labeling target mRNA with fluorescently tagged oligonucleotide probes
	mRNA counting at the single-cell level with single-molecule resolution

	2.2 Obtaining mRNA copy-number statistics from images
	Automated image analysis
	Calibration of mRNA counting

	2.3 Accuracy and dynamic range of smFISH measurements
	Comparison with quantitative reverse transcription polymerase chain reaction
	Comparison with data in literature
	1. Plac
	2. rrnBP1
	3. PmarII
	4. PbioBFCD
	5. PRM


	2.4 Limitations of smFISH
	2.5 Summary

	3 From mRNA Statistics to Transcription Kinetics
	3.1 The two-state model and burstiness
	Predicted population statistics for the two-state model
	The burstiness of transcriptional time-series can be quantified by the Fano factor

	3.2 Correcting for gene copy-number
	An E. coli cell typically has multiple copies of its genome
	Gene copy-number effect can be accounted for by scaling the mean and variance of the mRNA distribution

	3.3 Correcting for mRNA lifetime
	mRNA lifetime is affected by numerous factors
	Differences in mRNA lifetimes can be accounted for by scaling the mean and variance of the mRNA distribution

	3.4 Summary

	4 Gene-Independent Behavior of Transcription Burstiness in E. coli
	4.1 The degree of burstiness depends on the mean expression level alone
	The burstiness of the lactose promoter depends only on the mean expression level, irrespective of whether expression is induced by de-repressor or activator
	The burstiness of multiple promoters of E. coli shows the same dependence on the mean expression level
	Activity of identical copies of the same gene in a cell exhibit a positive covariance
	Cell-to-cell variability is dominated by intrinsic noise

	4.2 Gene expression level is changed by modulatingthe gene off-rate
	The dependence of the burstiness on the expression level in differentmodulation schemes is different
	Gene off-rate modulation scheme is consistent with the observed behavior

	4.3 Gene-independent behavior suggests transcription bursts arise from global regulation mechanisms
	4.4 Summary

	5 Support from Live-Cell Data
	5.1 Real-time gene activity measurement in individual live cells
	Labeling mRNA transcribed from the promoter-of-interest with MS2-GFP
	Real-time mRNA counting in individual live cells with single-molecule resolution
	Automated image analysis, lineage reconstruction, and detection of transcription events
	Calibration of mRNA counting

	5.2 Live-cell data is consistent with the gene off-rate modulation scheme
	5.3 Limitations of the live-cell method
	5.4 Summary

	6 Summary and Outlook
	6.1 Gene-independent behavior of transcription burstiness
	6.2 Proposed molecular mechanisms that could give rise to transcription bursts
	6.3 Extending live-cell measurements to endogenous promoters
	6.4 Improving the absolute calibration of mRNA counting
	Appendix A. Strains, Growth Media, and Growth Conditions
	A.1 Growth media and conditions
	A.2 Strains
	Bacterial strains
	Phage strains
	Promoters
	Appendix B.        Detailed Description of Experimental Protocols
	B.1 Single-molecule fluorescence in situ hybridization (smFISH)
	Probe design and labeling
	Sample fixation and permeabilization
	Hybridization
	Washing
	Microscopy
	B.2 Quantitative reverse transcription polymerase chain reaction
	Total RNA extraction
	qRT-PCR experiment
	qRT-PCR data analysis
	RNA lifetime measurement

	B.3 Measurement of gene activity in individual live cells
	Strains and plasmid
	Time-lapse microscopy
	Image processing and data analysis


	Appendix C. Data Analysis
	C.1 Spot recognition
	C.2 Step detection

	Appendix D. Modeling Transcription Kinetics
	D.1 Gillespie simulation of the two-state model
	D.2 Simultaneous modulation of all three kinetic parameters



	REFERENCES





