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Abstract

Single-cell measurements of mMRNA copy-number inform our understanding of stochastic
gene expression, but these measurements coarse-grain over the individual copies of the
gene, where transcription and its regulation stochastically take place. Here we combine
single-molecule quantification of mMRNA and gene loci to measure the transcriptional
activity of an endogenous gene in individual Escherichia coli bacteria. Interpreted using a
theoretical model for mRNA dynamics, the single-cell data allows us to obtain the
probabilistic rates of promoter switching, transcription initiation and elongation, mMRNA
release and degradation. Unexpectedly, we find that gene activity can be strongly coupled
to the transcriptional state of another copy of the same gene present in the cell, and to the
event of gene replication during the bacterial cell cycle. These gene-copy and cell-cycle
correlations demonstrate the limits of mapping whole-cell mRNA numbers to the
underlying stochastic gene activity, and instead highlight the contribution of previously

hidden variables to the observed population heterogeneity.
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Chapter 1.

Introduction



1.1 THE STOCHASTICITY OF GENE EXPRESSION

1.1.1 Birth of the field of “single-cell biology”

Fifty years ago, Francis Crick stated the famous central dogma describing the flow of
genetic information from DNA to RNA, and then to the protein (Crick 1970). Though it is
oversimplified from today’s point of view, it still serves as the guideline for understanding
gene expression. Numerous efforts have been made to characterize the details of every

aspect of gene expression (Miiller-Hill 1996, Ptashne and Gann 2002).

Gene expression is typically studied “in bulk™, i.e., by measuring the average gene
expression level over a population of cells (Miiller-Hill 1996, Ptashne and Gann 2002).
One thing that the bulk method does not inform us about is the possible difference between
individual cells. Some pioneering works, using smart experimental design, showed that
cells are different from each other (Benzer 1953, Novick and Weiner 1957), and the cell-

to-cell difference was speculated to be important.

In the last two decades, with improved experimental equipment and molecular biology
tools, we see the renaissance of “single-cell biology”, i.e., studying biology at the
resolution of single cells (Raj and Oudenaarden 2008, Eldar and Elowitz 2010, Trapnell
2015). In this field, some of the most exciting findings are through microscopy, i.e.,
visualizing gene loci, RNA, and protein molecules in individual cells under the
fluorescence microscope. The cameras for image acquisition have been improved
dramatically in the last two decades (Stuurman and Vale 2016). Also, many molecular tools

for labeling DNA, RNA, and proteins using either fluorophores or fluorescent proteins



have been created or improved (Robinett, Straight et al. 1996, Bates and Kleckner 2005,
Raj, van den Bogaard et al. 2008). This advanced our capability to study gene expression.
For instance, the protein product of the gene of interest can be fused to a fluorescent protein,
and the fluorescence level inside each cell under the microscope is used as an estimate of
the gene expression level in individual cells (Chalfie, Tu et al. 1994). Another example is
single-molecule fluorescence in situ hybridization (smFISH) (Raj, van den Bogaard et al.
2008). The RNA of interest is hybridized with fluorophore-labeled DNA oligonucleotides,
and individual RNA molecules appear as distinct spots under the microscope. Being able
to visualize proteins (translation) and RNA (transcription) in individual cells is the first

step to towards a single-cell picture of gene expression.

1.1.2 Gene expression is stochastic

From single-cell studies, it is clear that gene expression is heterogeneous, i.e., in a
population of cells, different cells have different numbers of RNA and proteins of the same
gene (Junker and van Oudenaarden 2014, Symmons and Raj 2016). The reason is that gene
expression is comprised of biochemical reactions, subject to the thermal motion of a limited
number of molecules, and thus is stochastic (Sanchez and Golding 2013). The term
“stochastic”” means that gene expression is random. The pattern of gene expression may be

statistically analyzed, but it cannot be precisely predicted.

Understanding the causes and consequences of the variability of gene expression requires
accurate characterization. One of the early efforts to quantify the variability of gene

expression was by using fluorescent proteins to estimate the gene expression level (Elowitz,



Levine et al. 2002, Newman, Ghaemmaghami et al. 2006). In (Elowitz, Levine et al. 2002),
two reporters with different fluorescent proteins controlled by identical promoters were
placed inside the bacterial genome, with equal distance to the replication origin. The whole-
cell fluorescence was used as an estimate of the gene expression level. By analyzing the
whole-cell fluorescence, the authors concluded that the randomness of gene expression
could be decomposed into two components. One is from the inherent stochasticity of
biochemical reactions (intrinsic noise), and the other one is from the difference in the

intracellular environment between different cells (extrinsic noise).

Though these studies gave great insights into the stochasticity of gene expression (Elowitz,
Levine et al. 2002, Newman, Ghaemmaghami et al. 2006), the whole-cell fluorescence
from the protein is still an indirect measurement of the underlying gene activity, and
unsatisfactory in many ways. For example, the randomness in the protein level might be
very different from the randomness of the actual activity of the promoter, considering the

confounding factors introduced in the processes of translation.

People went one step further to characterize the stochasticity in transcription (RNA
production). The randomness of transcription is studied by either following the production
of RNA in live cells (Golding, Paulsson et al. 2005, Larson, Zenklusen et al. 2011) or by
quantifying the statistics of RNA number, in combination with theoretical models (Raj,
Peskin et al. 2006, So, Ghosh et al. 2011). Two kinds of kinetic modes of RNA production
have been found. One is “Poissonian”, where RNA is produced with a constant probability

over time (Yunger, Rosenfeld et al. 2010, Larson, Zenklusen et al. 2011). The other one is



“bursty”, where RNA is produced in short bursts, separated by long periods of inactivity
(Golding, Paulsson et al. 2005, Raj, Peskin et al. 2006). It is impossible to infer such kinetic

modes by only measuring the protein level (translation).

1.1.3 Causes and consequences of the stochasticity of gene expression

Gene expression is unlike chemical reactions in a test tube, where the number of molecules
is countless. Many players involved in gene expression have a low copy number in the cell.
Take the bacterial cells as an example. For a specific gene in the bacterial genome, the copy
number is usually 1-8 (depending on the growth condition and genomic
positions)(Neidhardt, Ingraham et al. 1990). In one genome-wide study in E. coli, the
average copy number of RNA per cell spans a range of 10-10 (Taniguchi, Choi et al.
2010). The average copy number of protein (10-10* per cell), albeit much higher than the
copy numbers of the RNA and gene, is still magnitudes below the number of molecules for
chemical reactions in a test tube (Taniguchi, Choi et al. 2010). Because of the low copy
number of gene, RNA, and proteins, the effect of stochastic gene expression can be
pronounced. For instance, the protein Ada repairs alkylated DNA in the adaptive response
for protecting the cells against the mutagenic effects of DNA alkylation in E. coli. When
cells are facing an environment inducing DNA alkylation, Ada is estimated to be produced
once per cell cycle, and its copy number is low (=1.4 molecules per cell). Cells with no
Ada molecules cannot induce the damage response until the event of Ada expression

(Uphoff, Lord et al. 2016).



Cell-state (phenotype) switching can be triggered by stochastic gene expression. All living
cells face an ever-changing environment. This is especially true for microorganisms. For
instance, different sugars might be available to the cell at different times. Thus different
proteins will be needed to consume the sugar. In E. coli, the lac operon encodes the genes
for lactose metabolism (lacZ, lacA) and uptake (lacY) (Miiller-Hill 1996). When there is
no lactose in the environment, the lac repressor (Lacl) binds to specific sites on the DNA
(lac operators) to repress the transcription of the genes in the lac operon (“OFF” state).
When the inducer (lactose or lactose analogs) is present, Lacl is inactivated and is no longer
able to bind DNA, de-repressing the operon (“ON” state). This is a bistable system:
Expression of the LacY transporter leads to higher intracellular concentration of inducer,
de-repressing the operon even more (“ON” state); Lacl represses the operon, lowering the
intracellular concentration of inducer and the operon keeps being repressed (“OFF” state).
When cells are in a moderate concentration of inducers, the “OFF” and “ON” states coexist
within the population, and the transition from “OFF” state to “ON” state was shown to be
caused by a burst of LacY caused by rare dissociation events of Lacl (Choi, Cai et al. 2008).
Another example for stochastic gene expression causing phenotype-transition is, in B.
Subtillis, the transition to the competent state (capable of DNA uptake), which is governed

by the noisy expression of a protein named ComK (Maamar, Raj et al. 2007).

Stochastic gene expression also has important functional roles in multicellular
development. How does a homogenous cell population differentiate into different cell types?
The initial stage in differentiation is thought to depend on the population heterogeneity, for

the cases of the differentiation of mammalian stem cells (Abkowitz, Catlin et al. 1996,



Enver, Heyworth et al. 1998, Hoang 2004) and the development of Caenorhabditis elegans
(Sternberg and Félix 1997) and Xenopus laevis (Wardle and Smith 2004). The random
heterogenous population is further selected and propagated into a differentiated cell
population. Perturbed stochastic gene expression involved in the developmental gene

regulatory network might be detrimental to the organism (Raj, Rifkin et al. 2010).

1.2 UNDERSTANDING THE STOCHASTICITY OF GENE EXPRESSION

1.2.1 Whole-cell RNA measurements are used to study the stochasticity of
gene expression

Typically, the amount of RNA transcribed from the gene-of-interest is quantified in
individual cells to study the stochasticity of gene expression. One strategy is following the
production of RNA in live cells (Golding, Paulsson et al. 2005, Larson, Zenklusen et al.
2011). One popular technique of visualizing RNA in live cells is the MS2-GFP system
(Golding, Paulsson et al. 2005), in which bacteriophage MS2 coat protein fused to GFP is
expressed from a plasmid and an array of MS2 binding sites is placed under the control of
the promoter-of-interest. When transcription is initiated from the promoter-of-interest, the
transcript (MS2 binding sites) will be bound by GFP-fused MS2 coat protein, appearing as
diffraction-limited spots under the fluorescence microscope. The brightness of the
fluorescence spots indicates the number of target RNA molecules. By following live cells
under the microscope, the number of RNA molecules transcribed from the promoter-of-
interest in a growing cell can be obtained as a function of time. A number of kinetic
parameters can be directly extracted, such as the duration of “on” time (new RNA being

produced) and “off” time (no RNA production).



Another strategy to study stochastic gene expression is based on the premise that the
statistics of whole-cell RNA number carries the signature of gene expression. The number
of RNA molecules per cell can be measured using single-molecule fluorescence in situ
hybridization (smFISH) (Raj, van den Bogaard et al. 2008). In this technique, a set of
fluorophore-labeled DNA oligos bind to RNA transcribed from the gene-of-interest, and
RNA molecules will appear as diffraction limited fluorescence spots under the microscope
(Raj, van den Bogaard et al. 2008). The brightness of these fluorescence spots indicates the
number of RNA molecules. The distribution of RNA number per cell is obtained by
analyzing these RNA spots. At the same time, a model is built to describe gene expression.
The model includes different kinetic parameters, such as the rate of the promoter making
new RNA and the rate of RNA being degraded. The model is either simulated or solved to
generate a predicted distribution of RNA number per cell. The predicted distribution is
compared to the measured distribution to extract the kinetic parameters involved in the

model.

1.2.2 Limitations of whole-cell RNA measurements

Whole-cell RNA measurements are limited in three ways. First, whole-cell RNA
measurements integrate over the full lifetime of RNA molecules. The whole-cell RNA
measurements do not distinguish between RNA that is still being transcribed and RNA that
is already finished. This might not be a severe problem in cases where RNA lifetime is
much longer than the time it takes to transcribe the RNA (e.g., mammalian systems
(Schwanhéusser, Busse et al. 2011)). However, in bacterial cells, where RNA lifetime is

similar to the time it takes to transcribe RNA (Bernstein, Khodursky et al. 2002),



integrating over the whole RNA lifetime will lose potential Kinetic features during the
whole lifetime of RNA, together with any possible spatial features that distinguish RNA at

different stages of its lifetime.

Second, whole-cell RNA measurements coarse grain over multiple gene copies. As
explained above, there are often multiple copies of the same gene in the same cell (Alberts,
Johnson et al. 2002). The activity of each copy is stochastic. This means that different gene
copies might have different activities. Thus, the measured whole-cell RNA of each cell
might be from one or multiple gene copies. In previous studies, such gene-copy number
effects were accounted for by: (1) scaling the mean and variance of whole-cell RNA
measurements using the number of gene copies (So, Ghosh et al. 2011, Jones, Brewster et
al. 2014). This method requires the assumption that each gene copy in the same cell is
independently regulated. If the activities of the multiple gene copies are correlated, the
exact correlation needs to be considered to infer the kinetics of a single gene copy from
whole-cell RNA measurements. (2) Treating a subset of cells (newborn cells for example)
as a homogenous population of cells with the same number of gene copies (the RNA
statistics in the whole population then becoming a convolution of the single-gene RNA
copy-number statistics) (Sepulveda, Xu et al. 2016). Method (2) requires the same
assumption as method (1) above. Additionally, it requires the assumption that the chosen
subset of cells has the same number of gene copies, which might not be the case. In short,
not knowing the underlying number of gene copies limits our capability to map whole-cell

RNA measurements to the kinetics of a single gene copy.



Third, the gene copy number changes during the cell cycle. Take the scenario of following
the RNA production events in live cells as an example. When we see an increase of RNA
amount in the cell, we cannot tell if it is due to an increase in gene activity (with the same
number of gene copy in the cell), or caused by gene replication (more gene copies in the
cell, with the activity of each gene copy unchanged). Without knowing the timing of gene
replication, we might treat the effect of gene replication as a change of gene expression

kinetics by mistake.

To summarize, all these factors limit our capability to map whole-cell RNA measurements

to the stochastic kinetics of individual gene copies.

1.3 MEASURING TRANSCRIPTION AT THE INDIVIDUAL GENE COPY
WILL ENABLE US TO ANSWER OPEN QUESTIONS

1.3.1 What is the spatiotemporal life history of RNA?

One of the hallmarks of living systems is their spatial organization. Bacterial cells do not
have a strong spatial compartmentation as eukaryotes (Neidhardt, Ingraham et al. 1990).
Take E. coli as an example. The general view of its spatial organization is that the nucleoid
resides in the center of the cell, while the ribosomes tend to be excluded from the nucleoid
region (Bakshi, Siryaporn et al. 2012, Campos and Jacobs-Wagner 2013). The
spatiotemporal life history of RNA is unclear. One report showed that RNA is located to
the place of its encoded protein (Nevo-Dinur, Nussbaum-Shochat et al. 2011). Another

report showed that RNA is localized to its site of transcription for most of its lifetime

10



(Llopis, Jackson et al. 2010). A third opinion said that most RNA is distributed all over the

cell (Moffitt, Pandey et al. 2016).

There are three reasons why the spatiotemporal life history of RNA in E. coli cells is still
unclear. (1) The small size. E. coli cells have a width of =1 um, with a length of a few
micrometers (Neidhardt, Ingraham et al. 1990). The diffraction limit of light is =200-300
nm. This means there is only enough space for around 10-20 diffraction-limited
fluorescence spots inside each cell. This makes it necessary to use computational tools to
calculate the position of fluorescence signals carefully (Yildiz, Forkey et al. 2003), or even
use super-resolution microscopy (Betzig, Patterson et al. 2006, Rust, Bates et al. 2006). (2)
The studies mentioned above examined different RNAs, in cells grown in different
conditions (Llopis, Jackson et al. 2010, Nevo-Dinur, Nussbaum-Shochat et al. 2011,
Moffitt, Pandey et al. 2016). It is possible that different RNAs have different
spatiotemporal preferences. Moreover, such spatiotemporal preference of RNA might be
different between different growth conditions, as the cellular metabolism varies in different
growth conditions. (3) Previous studies did not distinguish RNA at different stages of its
lifetime (Llopis, Jackson et al. 2010, Nevo-Dinur, Nussbaum-Shochat et al. 2011, Moffitt,
Pandey et al. 2016). Unlike eukaryotes, bacterial cells do not have any spatial “barrier”
separating a nucleus from the cytoplasm (Neidhardt, Ingraham et al. 1990). Though it is
well known that transcription and translation are coupled in bacterial cells (Neidhardt,
Ingraham et al. 1990), it is not necessarily true that the RNA is being transcribed and
translated at the same place. All these factors are obscuring the spatiotemporal life history

of RNA. To better understand the spatiotemporal life history of RNA, we need (1)

11



computational tools to localize the position of RNA signal in the cell accurately, (2)
examine multiple different growth conditions, and (3) distinguish between RNA at

different stages of its spatiotemporal life history.

1.3.2 Is transcription coupled to the cell cycle?

One study in Caulobacter crescentus (a paradigm for studying the prokaryotic cell cycle)
found that some genes display fluctuations in transcription that are correlated with the cell
cycle (Laub, McAdams et al. 2000). This cell-cycle-dependent fluctuation will propagate
into downstream components through the network of gene regulation. Thus, the activity of
downstream genes might also depend on the cell cycle. Besides the possible dependence
on cell cycle caused by the fluctuation of upstream components, gene expression might
also be affected by discrete events in the cell cycle, e.g., genome replication initiation, gene
replication, sister chromosome segregation, and cell division. It has long been speculated
that the only time for a repressed gene to be transcribed is its time of gene replication, when
the repressor dissociates from the gene (Hanawalt and Wax 1964, Guptasarma 1995).
Though a few studies have tried to test the hypothesis (Hanawalt and Wax 1964, Zhou,
Bogan et al. 1996), the evidence is weak in a number of ways: (1) Those studies used
bacterial mutant strains where genome replication can be stalled/resumed using a
temperature shift, and imperfect synchronization might blur any possible effect of gene
replication on transcription; (2) The transcriptional activity was measured using a
population of cells, so that the coupling can only be tested in an ensemble setup; (3) They
did not provide convincing evidence that the observed gene replication effect was not

caused by a change of gene dosage. Thus, this question is still open. To test this hypothesis

12



as directly as possible, we need to measure RNA production at an individual gene around

its time of replication.

Besides the discrete events in the cell cycle, the continuous chromosome dynamics during
the cell cycle might also affect transcription. A recent study of the spatial organization of
chromosome in C. crescentus shed some light on the possible relationship between
transcription and the spatial organization of chromosome (Le, Imakaev et al. 2013).
Another study in E. coli showed that the bacterial chromosome is “breathing” (changing

its shape in a pulsatile fashion) during the cell cycle (Fisher, Bourniquel et al. 2013).

1.3.3 Are different copies of the same gene in the same cell correlated?

Though different copies in the same cell are typically assumed to be independently
regulated, they unavoidably share regulators. The concentrations of upstream regulators
may fluctuate, and the fluctuation might create a correlation between different copies of
the same gene. Besides the fluctuation of upstream regulators, chromosome dynamics
might also create a correlation between the activities of different gene copies. It is possible
that the local chromosome environment and dynamics of the sister copies are similar. Thus
the activities of both copies will tend to be correlated. Also, replication is synchronized

such that multiple chromosome have replication forks at the same position.

There have been a few studies that touch upon this question. Earlier, the failure to correlate
(i.e. show the same level of expression) for two copies of the same gene in the same cell
was defined as intrinsic noise (Elowitz, Levine et al. 2002). However, estimating gene

activity using the protein level suffers from the added complexity introduced in translation
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and the maturation of fused fluorescent proteins. To examine the possible correlation
between multiple copies of the same gene, we need to measure transcription at the
individual gene copy. A similar but different question has been addressed in yeast: Are
different genes that are functionally related correlated in their transcription (Gandhi,
Zenklusen et al. 2010)? After examining the RNA statistics of functionally-related genes
in individual cells, the authors found a high correlation in the transcript levels of temporally
induced genes, but not for constitutive genes. Several studies in recent years managed to
measure allele-specific gene expression in mammalian cells (Hansen and van Oudenaarden
2013, Levesque, Ginart et al. 2013, Ginart, Kalish et al. 2016). The correlation between
different gene copies was not the focus of these studies, but their data showed that there

exists a certain level of correlation between the gene expression from different alleles.

Examining the possible correlation between different gene copies is important for
understanding the kinetics of gene expression and potentially uncover new biology. Any

correlation, if found, will need to be added into the models for gene expression.

1.4 SUMMARY

In this chapter, I introduced the field of “single-cell biology” and described the
stochasticity of gene expression. | also explained why whole-cell RNA measurements are
limited when studying the kinetics of gene expression. | then raised open questions that
could be addressed by stepping towards measuring transcription at the individual copies of
the gene in individual cells. In my thesis, 1 will focus on E. coli, one of the most widely

studied organisms, and I will start with the lac operon, a paradigm for studying gene
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regulation. I will present the method to measure transcription at individual gene copies,

and how the new measurements can (partially) address these open questions listed above.
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Chapter 2.
Measuring transcription at a single gene copy illuminates

MRNA dynamics and reveals intracellular correlations
Manuscript in preparation
Authors: Mengyu Wang®, Jing Zhang”, Heng Xu and Ido Golding

My contribution: (1) Performed single-molecule FISH (smFISH) experiments for
different promoters (Piac, Pr) at different genome positions (ori, lac, hyc, ter) and growth
conditions (LB, glucose, glycerol). (2) Developed image and data analysis algorithms. (3)
Analyzed smFISH experiments. (4) Together with Heng Xu, developed theoretical models

for nascent RNA kinetics, used in analyzing the experimental data. (5) Co-wrote the paper.
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MAIN TEXT

Single cell measurements of mMRNA copy number have informed our understanding of
stochastic gene expression in important ways, e.g. by revealing the bursty nature of
transcription in both bacteria and eukaryotes (Sanchez and Golding 2013). However,
whole-cell RNA measurements typically represent the summation over contributions from
multiple copies of the same gene, each of which is independently regulated, and whose
number doubles during the cell cycle. Cellular levels also integrate over the full lifetime of
MRNA molecules. Combined, these factors limit our ability to reliably map the measured
whole-cell mMRNA numbers to the underlying stochastic kinetics of a single gene of interest
(Zopf, Quinn et al. 2013, Jones, Brewster et al. 2014, Peterson, Cole et al. 2015, Sepulveda,

Xu et al. 2016).

Here we set out to measure the transcriptional activity of an individual gene copy within a
single E. coli cell. We hypothesized that active transcription can be quantified by
measuring the amount of mRNA that is localized to the transcribed gene (Zenklusen,
Larson et al. 2008, Larson, Zenklusen et al. 2011). We therefore used two-color labeling
to simultaneously mark the gene locus, and the mRNA produced from the gene, within the
same cell. The gene locus was labeled using the fluorescent repressor operator system
(FROS)(Joshi, Bourniquel et al. 2011), where a tet operator array, inserted near the gene,
is bound by the cognate fluorescently-tagged repressor (TetR-YFP). mRNA from the
endogenous gene was detected using single-molecule fluorescence in situ hybridization

(smFISH)(Femino, Fay et al. 1998, Raj, van den Bogaard et al. 2008, Skinner, Sepulveda
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etal. 2013) (Fig. 1A; table S1 lists the promoters and genomic loci examined in this work).
We used automated image analysis to identify the fluorescent foci in each channel, and
converted the measured intensity of these foci to the corresponding copy number of gene
loci and mMRNA molecules. The FROS system allowed reliable counting of gene copies in
both live and fixed cells, and did not affect the cell growth rate or mMRNA expression from

the gene (fig. S1).

Focusing first on the lactose promoter, Piac, we measured the spatial distance between each
lacZ mRNA molecule and the nearest lac locus in the cell. This revealed two distinct
MRNA populations, one close to the gene locus (< 300 nm) and the other further away
(Fig. 1B and fig. S2). Consistent with the hypothesis that the gene-proximal mRNA signal
corresponds to actively transcribed molecules, the proximal population was almost absent
if the labeled locus did not correspond to the transcribed gene (Fig. 1B), or when the gene
was tightly repressed (fig. S2). Conversely, under conditions of high expression, the signal
from gene-proximal MRNA was stronger than that of mRNA further away, consistent with
the simultaneous presence of multiple nascent mMRNAs at the gene (French and Miller
1989)(Fig. 1C). Proximal mRNA was also enriched for the 5’ region of the gene, as would
be expected from presence of incomplete transcripts (French and Miller 1989)(Fig. 1D).
Finally, inhibiting transcription initiation using rifampicin led to the gradual disappearance,
within a few minutes, of proximal mRNA, consistent with the completion and release of
already-initiated transcripts (Fig. 1E). We found similar behavior when examining three
additional promoters (Piaci, phage lambda Pr and Prwm), under multiple growth conditions,

as well as in live cells, where RNA was labeled using MS2 tagging (Bertrand, Chartrand
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et al. 1998, Golding and Cox 2004)(fig. S6). The evidence thus indicates that gene-
proximal mRNA corresponds to actively transcribed molecules. Applying an mRNA-to-
gene distance criterion (and correcting for the probability of random co-localization, SM
section 2.3.5) allows us to classify cellular mMRNA into the nascent (actively transcribed)
and mature (complete) species. We can likewise determine whether a given gene copy is
currently being transcribed and measure the amount of nascent mRNA at the gene (Fig. 1F,

G and fig. S7).

We next sought to use single-cell measurements of nascent mRNA to characterize the
kinetics of mMRNA processes taking place at the gene—transcription initiation, elongation,
decay, and release. To that end, we applied a canonical scenario in prokaryotic gene
regulation, inducing Piac expression by adding Isopropyl-Beta-D-Thiogalactoside (IPTG)
to the growth medium (Miller-Hill 1996, EIf, Li et al. 2007). We measured the amount of
nascent, mature, and total lacZ mRNA per cell, at different times after induction (Fig. 2).
To interpret the observed kinetics, we formulated a mathematical model for nascent nRNA
dynamics (Fig. 2A). In the model, transcription initiation is followed by mRNA synthesis
(elongation) at a speed Ve, to a final length L (Choubey, Kondev et al. 2015, Xu, Skinner
et al. 2016). Once the transcript is complete, mature mRNA is released from the gene into
the cytoplasm (Choubey, Kondev et al. 2015, Xu, Skinner et al. 2016). Degradation of both
nascent and mature mRNA is assumed to initiate at rate kq (Chen, Shiroguchi et al. 2015).
MRNA degradation is limited by the competition between the degradation machinery and
translating ribosomes, leading to a degradation speed that is equal to ver (Chen, Shiroguchi

et al. 2015).
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Induction kinetics in glucose medium (where Piac exhibits a large dynamic range, Fig. 1F
and (Kuhlman, Zhang et al. 2007)) showed good agreement between the theoretical model
and experimental data (Fig. 2B). As predicted, mature lacZ mRNA appears only once the
first transcript is completed and released, at time L/vel ~ 130 sec. This is also the time at
which nascent mRNA levels reach steady state, reflecting the balance of transcript
initiation and release. These discontinuous features in nascent and mature mRNA kinetics
are absent from the kinetics of total cellular lacZ mRNA (Fig. 2B). Fitting the data to the
theoretical model provided estimates for the mRNA elongation speed (ve = 41.5 + 2.5
nt/sec, SEM from two experiments) and degradation rate (k¢ = 0.0078 + 0.0003 sec™!). Both
estimates were consistent with independent measurements using mRNA counting alone
(fig. S10, S11) and with previously reported values (fig. S10, S11 and (So, Ghosh et al.
2011, lyer, Park et al. 2016)). Measuring the steady-state amount of nascent mRNA at
different Piac induction levels suggested that ve is positively correlated with the rate of
initiation, kini (fig. S13), consistent with earlier reports (Epshtein and Nudler 2003). The
assumptions that nascent mRNA is degraded and that degradation proceeds at speed ve are
further supported by simultaneous analysis of the mRNA signals from the 5” and 3’ regions

of the gene during induction (fig. S12).

Whereas mRNA kinetics in glucose, as well as the steady state values (fig. S13), agreed
with the theoretical expectation, this was not the case when we repeated the induction
experiment in glycerol, a slow-growth medium (generation time g ~ 150 min [30°C],
compared to g ~ 50 min in glucose [37°C]). As seen in Fig. 2C, the appearance of

cytoplasmic mRNA, upon the completion of the first transcript, was not immediately
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accompanied by the stabilization of gene-proximal (presumably, nascent) mRNA level.
Instead, gene-proximal mRNA continued to accumulate, eventually reaching a steady-state
level that was higher than predicted by the model. To explain these observations, we
hypothesized that, under these growth conditions, complete (fully transcribed) mRNA
molecules are not all immediately released into the cytoplasm; instead, about half of them
(55 £ 5%) remain in the vicinity of the transcribed gene for the full lifetime of the mRNA.
Incorporating this feature into our theoretical model yielded good agreement with the
experimental data (Fig. 2C). mRNA retention depends on active transcription; this is
indicated by the transient accumulation of cytoplasmic mMRNA following the inhibition of
transcription initiation (fig. S14). The hypothesis of mature mRNA retention is supported
by two additional pieces of evidence. First, the ratio of 5’ to 3’ signal in gene-proximal
MRNA in glycerol is lower than expected for nascent mRNA, consistent with the presence
of complete-but-unreleased MRNA molecules (fig. S14). Second, vigorous centrifugation
of the cells (4500 g for 5 min) lowered the level of gene-proximal mMRNA back to the
expected level for the nascent species only (fig. S14), again consistent with the presence of
two mRNA populations at the gene, with only the actively-transcribed molecules strongly
tethered (and therefore unremovable by centrifugation). This effect was also observed for
the lambda Pr promoter (fig. S14). Finally, our model helps reconcile conflicting
observations regarding the spatial organization of mRNA in E. coli (Llopis, Jackson et al.
2010, Nevo-Dinur, Nussbaum-Shochat et al. 2011, Moffitt, Pandey et al. 2016), by

identifying mature mRNA retention as the cause of these differences. The change in mMRNA
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spatiotemporal dynamics between fast and slow growth conditions may reflect the effect

of cellular metabolism on cytoplasmic fluidity (Parry, Surovtsev et al. 2014).

In the analysis above, we used the population-averaged measurements to interrogate
MRNA Kinetics. We next aimed to use the full single-cell dataset for inferring the stochastic
kinetics of a single promoter. Following transcription from individual Piac copies in live
cells (Fig. 2D) revealed that the durations of promoter active- (defined by the presence of
nascent RNA) and inactive periods can both be described using exponential distributions
(Fig. 2E). This indicated that promoter activity follows stochastic two-state kinetics, as
previously concluded from whole-cell mMRNA measurements (Golding, Paulsson et al.
2005). We thus extended our mathematical model (Fig. 2A) to include the stochastic
promoter kinetics and used the model to fit the copy-number distributions of nascent and
total cellular lacZ mRNA during Piac induction, in both glucose and glycerol (Fig. 2F, G).
The agreement between theory and experiment suggests that we can reliably capture the
stochastic kinetics of nascent mRNA at the single-cell level. Applying the same procedure
to cells expressing lacZ at different steady-state levels (fig. S18) allowed us to identify that,
upon Piac induction, the probabilistic rate of promoter activation, Kon, is the main parameter
being modulated to vary expression (Fig. 2H, fig. S18, S20), consistent with similar reports
in other systems (Senecal, Munsky et al. 2014, Padovan-Merhar, Nair et al. 2015, Skinner,

Xu et al. 2016).

As part of the replication cycle of the bacterial chromosome, multiple copies of the same

gene are often present in the same cell (Neidhardt, Ingraham et al. 1990, Wallden, Fange
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et al. 2016). The stochastic activity of these individual copies may be correlated due, e.g.,
to fluctuations in an upstream regulator (Swain, Elowitz et al. 2002). This effect has been
deduced from the presence of so-called “extrinsic noise” in mRNA and protein expression
(Elowitz, Levine et al. 2002), but it was not previously possible to directly measure these
gene-copy correlations. To ask whether the activity of individual gene copies is coupled,
we again focused first on Piqc activity in cells grown in glucose, under induction conditions
where the fraction of transcriptionally active copies (pon) is approximately 0.5. Specifically,
we examined the subpopulation of cells with exactly two sister copies of the lac locus (fig.
S21). We found that the fractions of cells having 0, 1, and 2 transcriptionally-active copies
followed a binomial distribution, as would be expected if each Piac copy acted
independently (Fig. 3A, B). Consistent with this observation, the measured copy-copy
correlation in activity was very low (r =0.12 £ 0.05), as was the correlation between the
nascent mRNA levels of the two copies (fig. S22). Calculating the pairwise correlation in
activity in cells having 2-to-4 gene copies yielded similar results (fig. S23). Live-cell
measurements in the Piac MS2 reporter also revealed a very low level of temporal cross

correlation between two promoter copies within the same cell (Fig. 3C).

Repeating the same analysis for cells grown in glycerol (again at pon ~ 0.5) yielded
dramatically different results: Two copies of Piac within the same cell were highly
correlated in their activity, as indicated by the distribution of number of active copies (Fig.
3D, E, r =0.58 + 0.11), the correlation in nascent mRNA levels between the two copies
(fig. S22), and the temporal correlation in live cells (Fig. 3F). The lambda Pr promoter

exhibited a similar dependence on the growth conditions, with two promoter copies
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showing higher correlation in a slower growth medium (fig. S26). In addition to the
dependence on growth rate, the degree of correlation (and the corresponding “extrinsic
noise” value) varied also with the expression level (Fig. 3G, fig. S27), as well as the
genomic locus (fig. S28). Phenomenologically, these dependencies can be captured by a
model where a fluctuating cellular state enslaves the states of individual promoter copies

(Xu, Sepulveda et al. 2015).

Beyond the ability to count the gene copies in a given cell, our reporter system also allowed
us to identify the time within the cell cycle at which gene replication takes place, as
indicated by the appearance of two unseparated sister loci (Joshi, Bourniquel et al.
2011)(Fig. 4A, C and fig. S29, S30). In fixed samples, we used cell length as a proxy for
the progression of the cell cycle (Wallden, Fange et al. 2016). Gene replication took place
at well-defined cell-length intervals (Wallden, Fange et al. 2016)(Fig. 4A, C), and the
replication length exhibited the expected dependence of genomic position (fig. S29, S30).
In the same length-sorted cells, we then measured the total amount of nascent RNA from
the promoter, reflecting the transcriptional activity at a given cell-cycle phase. The results
for Pr, considered a strong “constitutive” promoter (Dodd, Shearwin et al. 2004, Rosenfeld,
Young et al. 2005), revealed that transcription closely follows the gene dosage (Fig. 4B).
Thus, the transcriptional activity of each Pr copy is constant throughout the cell cycle. The
same trend was observed at different growth conditions and when the promoter was placed

at other genomic loci (fig. S29).
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It has long been speculated that, rather than being uniformly probable throughout the cell
cycle, transcription from tightly repressed promoters takes place only briefly, following
gene replication (Hanawalt and Wax 1964, Guptasarma 1995). Replication-induced
transcription could stem, for example, from the transient displacement of a repressor by the
replication fork (Hammar, Wallden et al. 2014). To test this intriguing hypothesis, we
examined the cell-cycle dependence of Piac activity under low-IPTG conditions, where it
is repressed by Lacl. We found that, rather than simply following gene dosage, the amount
of nascent lacZ mRNA exhibited a strong transient increase around the time of gene
replication (Fig. 4D). This pattern was observed in different growth media, as well as using
a Piac MS2 reporter placed at a few genomic loci (fig. S30). We also observed the transient
increase in transcription around gene replication by following P4 activity in live cells (Fig.
4E, F). We further verified that the coupling between transcription and gene replication
was not an artifact of the gene labeling scheme, by measuring lacZ mRNA numbers in
genetically unmodified cells (strain MG1655), and similarly observed a higher probability
of finding mRNA in cells whose length corresponds to the timing of gene replication (fig.
S31). These results all indicate that the replication of a strongly repressed Piac copy is
accompanied by a transient increase in its activity. Consistent with the idea that the
increased activity reflects a transient relief of Lacl repression, we found that the relative
effect of replication gradually diminished as lacZ expression increased, i.e. as repression

was relieved (Fig. 4G).

Measuring mRNA at the resolution of a single gene, rather than the whole cell, dramatically

improved our ability to characterize mRNA life history during and after transcription. It
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also revealed how the stochastic activity of a single gene copy depends on the presence of
additional copies and on the event of gene replication. Additional work will be required to
elucidate the origins of these dependencies. At any event, their presence highlights the need
to continue removing the hidden variables that drive cellular heterogeneity, rather than
simply attributing this heterogeneity to unknowable “noise” (Sanchez and Golding 2013,

Symmons and Raj 2016, Golding 2017).
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Figure 1. Detecting active transcription at a single gene copy.

(A) The lac locus is detected through the binding of TetR-YFP to an array of 140 tetO sites inserted nearby
in the E. coli chromosome. Endogenous lacZ mRNA, transcribed from P, is simultaneously detected using
smFISH. In the imaged cell (right), two sister lac loci are present. One locus is colocalized with a strong
smFISH signal, indicating active Pia transcription (see subsequent panels), whereas the other Pioc copy is
transcriptionally inactive. A number of mature (cytoplasmic) lacZ mRNAs are also seen. Cells were grown
at 37°C in glucose medium supplemented with cAMP and IPTG. Scale bar, 1 um. (B) The distribution of
distances between each lacZ mRNA spot and the labeled locus closest to it in the cell. Data is shown for the
lac locus (red, N = 1208 cells) and the hyc locus (located opposite lac on the other arm of the chromosome,
grey, N = 636 cells). The distributions are used to define a distance threshold for the “gene proximal” mRNA

population (here, 300 nm, cyan shading in panels B-E). (C) The intensity of lacZ smFISH signal as a function
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of distance from the lac locus. The data (N = 1208 cells) was binned and fitted to a Hill function. (D) Same
as (C), measured for the 5’ (red) and 3’ (green) regions of lacZ mMRNA, labeled using different sets of smFISH
probes (N = 1534 cells). (E) Same as (C), measured at different times after the addition of rifampicin,
inhibiting transcription initiation (N = 1208-1431 cells per time point). (F) The amount of nascent lacZ
mRNA per cell, as a function of inducer (IPTG) concentration. Shown is the mean + SEM from N = 590-
1532 cells at each induction level. The data was fitted to a Hill function. (G) The fraction of transcriptionally
active Piac copies (pon), as a function of IPTG concentration. Data from the same cells as in (F), fitted to a

Hill function.
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Figure 2. Analyzing nascent mRNA reveals the stochastic kinetics of transcript initiation,

elongation, release and degradation.

(A) A model for mRNA kinetics. The promoter stochastically switches between active and inactive states. In
the active state, stochastic transcription initiation is followed by mRNA synthesis (elongation) at a constant
speed. Once the transcript is complete, mature mRNA is released from the gene into the cytoplasm.
Degradation of both nascent and mature mRNA is initiated at the same rate. (B) The levels of total (red),
nascent (cyan), and mature (green) lacZ mRNA per cell at different times after adding IPTG. Cells were
grown in glucose (37°C, generation time =~ 50 min). Markers, experimental data (mean £ SEM from two
experiments, N = 395-1291 cells per time point). Solid lines, fit to the theoretical model. (C) Same as (B),
for cells grown in glycerol (30°C, generation time = 150 min). The experimental data (mean + SEM from
two experiments, N = 240-1147 cells per time point) was fitted using a revised model, where a fraction of

mature mRNA remains at the gene after completion. (D) Following P4 activity in live cells. Each lac locus
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was detected through TetR-mCherry binding to the nearby tetO array. Endogenous lacZYA was replaced by
48 MS2 binding sites (48MS2bs), and Piac—48MS2bs transcripts were detected using MS2-GFP. The activity
state of each sister Pjoc copy (ON/OFF) was determined based on the presence/absence of RNA signal at the
gene. Cells were grown at 30°C in LB supplemented with ImM IPTG. Scale bar, 1 um. (E) The distributions
of “ON” and “OFF” durations for individual Pjsc copies, measured in live cells. Markers, experimental data
(mean = SD from N = 57 and 59 events, respectively). Solid line, fit to an exponent, allowing an estimation
of the probabilistic rates of promoter switching. (F) The distributions of nascent and total lacZ mRNA per
cell, at different times following induction. Data (grey bars) are from one of the experiments included in
panel B. Solid lines (red, cyan) are fits to the stochastic model. (G) Same as (F), for the experiment of panel
C. The data was fitted to the revised model that incorporates mMRNA retention at the gene. (H) The estimated
rate of Pac switching to the active state (kon), and the transcriptional burst size (b = kini / kotr), as a function of
IPTG concentration, for cells grown in glucose. Steady-state lacZ expression data from exponentially
growing cells (N = 590-1532 cells at each induction level) was fitted to the stochastic model. Error bars
represent the range of estimated parameters from the top 0.2% likelihood fitting results. Solid lines, fit to a

Hill function.
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Figure 3. Promoter activity is coupled to the activity of additional gene copies in the cell.

(A) The transcriptional activity of individual copies of Py, in cells grown in glucose. For each cell having
two sister lac copies, the position and activity (active, white; inactive, blue) of each copy was identified, and
shown overlaid on the phase-contrast image. Scale bar, 2 um. (B) The distribution of number of active Pjac
copies, in cells having two copies of the gene. Grey, data from N = 168 cells grown in glucose. Error bars
indicate SD. Red, fit to a model assuming independent activity of the two copies (binomial distribution). (C)
Cross-correlation between two copies of P in the same cell, measured in N = 42 live cells grown in glucose.
(D) Same as (A), for cells grown in glycerol. (E) Same as (B), for cells grown in glycerol (N = 433 cells). (F)

Same as (C), for cells grown in glycerol (N = 39 cells). (G) The copy-copy correlation in P activity, as a
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function of expression level (total lacZ mRNA per cell), for cells grown in glucose and glycerol. Markers,

data from N = 73-1699 cells per condition. Dashed lines are polynomial fit serving as guide to the eye.
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Figure 4. Promoter activity is coupled to the cell-cycle event of gene replication.

(A) The intensity of individual TetR-YFP (hyc gene locus) foci, as a function of cell length. Shading, binned
data (mean + SEM, N = 947 cells grown in LB). Solid line, fit to a sum of two Gaussians. Vertical dashed
lines are the Gaussian centers, indicating the estimated timing of gene replication. (B) Nascent RNA per cell
from the Pr promoter, as a function of the cell length. Data is from the same cells as in (A). Pr—24MS2bs
reporter was placed near the hyc locus, and nascent RNA levels were measured using smFISH against the
MS2bs sequence. Shading, binned data. Solid line, fit to a sum of two Hill functions. (C) Same as (A), for
the lac locus (N = 1763 cells grown in LB supplemented with 10 uM IPTG). (D) Same as (B), for the Pjac
promoter (measured using smFISH against lacZ). Data is from the same cells in panel C. Shading, binned
data. Solid line, fit to a sum of two Hill functions and two Gaussians located at the Hill transition points. (E)
Time-lapse images demonstrating the occurrence of Pisc transcription close to time of gene replication. Cells
were grown in LB with no IPTG. The horizontal grey bar indicates the uncertainty in estimating replication

time, due to the frame rate and sister cohesion. Scale bar, 1 um. (F) The probability of Pjs transcription
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(appearance of Pj,c—48MS2bs signal), as a function of time relative to gene replication. Error bars, data + SD
from N = 97 cells grown in LB with no IPTG. Solid line is a guide to the eye. Grey shading indicates the
uncertainty in estimating the replication time. (G) The effect of gene replication on P4 transcription, as a
function of the expression level. The procedure in panel D was repeated for cells at different IPTG
concentrations (570-1814 cells per sample). The amplitude of the fitted Gaussian is plotted versus the number

of lacZ mRNA per cell. The values corresponding to panels B and D are highlighted.
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SUPPLEMENTARY MATERIALS: EXPERIMENTAL PROTOCOLS

1.1 Bacterial strains and plasmids

All bacterial strains are listed in table S1, plasmids are listed in table S2, and primers are

listed in tables S3 and S4. The construction of strains and plasmids is described below.

1.1.1 Construction of the gene-labeling system (FROS)

The gene locus of interest was labeled using the Fluorescent Repressor Operator System
(FROS) (Lau, Filipe et al. 2003). An array of the tet operators (tetO) was placed near the
gene of interest in the chromosome. Visualization of the locus under the microscope is
accomplished through the cognate binding protein, Tet repressor (TetR), which is tagged
by a fluorescent protein. We started with a strain where 140 tetO copies (140tetO) were
placed inside the mhpA gene, ~3.5 kb from lac (Joshi, Bourniquel et al. 2011). Using this
construct, we then built a series of strains where the 140tetO array is placed at different

genomic loci.

We first built the plasmid pJZ087, which is used to place the 140tetO array at the gene
locus of interest. It carries the 140tetO array and a single Flp recognition target (FRT) site,
which allows integrating the whole plasmid into strains from the Keio collection of single-
gene deletions (Baba, Ara et al. 2006) using FRT-Flp recombination (Ellermeier,
Janakiraman et al. 2002). To construct pJZ087, we amplified (from pKG137, a derivative
of pCE37 (Ellermeier, Janakiraman et al. 2002), using primers FRT-FROS-FP-H1 and

FRT-FROS-RP-H2) a fragment containing a single FRT site, the R6K replication origin
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(pir dependent replication, for eliminating the plasmid after FIp-FRT recombination) and
a kanamycin resistance cassette (Kan®) . This fragment was then recombineered into
plasmid pBH23 (Lau, Filipe et al. 2003) using standard protocols (Thomason, Court et al.
2007). pBH23 carries the 140tetO array, with a gentamycin resistance cassette (Gen®)

inside the array. The primers used in constructing the plasmids are provided in table S3.

pJZ087 was next inserted into several Keio strains using Flp-FRT recombination. Flp
recombinase was expressed from plasmid pCP20 (Cherepanov and Wackernagel 1995).
The 140tetO array was then moved to a clean genetic background using P1 transduction
(Thomason, Costantino et al. 2007). The array was detected by expressing either TetR-
YFP, from plasmid pJZ133, or TetR-mCherry, from plasmid pJZ102. The construction of

these plasmids is described in SM section 1.1.4.

1.1.2 Construction of the RNA labeling system (MS2)

To detect promoter activity, an array of MS2 binding sites (MS2bs) was placed under
control of the promoter of interest. The transcribed MS2bs form stem-loops, which are
specifically bound by the MS2 coat protein, tagged by a fluorescent protein (Golding and

Cox 2004, Golding, Paulsson et al. 2005).

We first constructed a series of plasmids carrying 24 or 48 MS2bs under control of different
promoters. We started with plG-48bs and plG-24bs, which carry 48 and 24 copies of
MS2bs under control of Piac (Golding and Cox 2004). Next, pBS48bs-CmR and pBS24bs-
CmR were constructed by replacing the ampicillin resistance cassette (Amp®) in pIG-48bs

and plG-24bs with chloramphenicol resistance cassette (CmR), using recombineering. The
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chloramphenicol resistance cassette was amplified from pKD3 (Datsenko and Wanner

2000) using primers OC201-2 and OC202.

pJZ054 was constructed by replacing the Piac in pBS24bs-CmR with the phage lambda
promoter Pr. The Pr sequence was amplified from wild-type phage using primers PR-
short-FP and PR-short-RP, cut by Notl and Pcil, and ligated into pBS24bs-CmR which was
cleaved by the same enzymes. In a similar manner, pJZ063 was constructed by replacing
Piac with the phage lambda promoter Prwm, using primers PRM-short-FP and PRM-short-

RP.

To place each MS2 reporter cassette (promoter-MS2bs-CmR) in the chromosome, the
cassette was amplified from the corresponding plasmid, then recombineered into the lac
locus. From there, it was PCR amplified and recombineered into other loci as needed.
Transcription of these arrays was detected by expressing MS2-GFP from plasmid pJZ107,
whose construction is described in SM section 1.1.4. The recombineering primers,

promoters, and genomic loci are listed in table S4.

1.1.3 Construction of the dual-reporter system (FROS + MS2)

The dual-reporter strains were built by moving the MS2 reporter cassette to the strains
carrying the 140tetO array in the chromosome, using P1 transduction. Plasmid pJZ133 was
transformed into the dual-reporter strains to express TetR-YFP (used for smFISH
experiments). Plasmid pJZ152 was transformed into these dual-reporter strains to
simultaneously express TetR-mCherry and MS2-GFP (used for live cell imaging). These

plasmids are described in SM section 1.1.4.
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1.1.4 Construction of plasmids expressing fluorescently labeled TetR and MS2

In the original configurations of both the FROS and MS2 systems, the fluorescently labeled
binding proteins are expressed from inducible promoters (Lau, Filipe et al. 2003, Golding
and Cox 2004, Joshi, Bourniquel et al. 2011). This often results in non-uniform expression
across cells, even under the same growth conditions. To optimize the expression level and
achieve improved uniformity among cells, we placed our binding proteins (TetR-YFP,
TetR-mCherry, and MS2-GFP) under control of constitutive synthetic promoters.
Specifically, we used the pSR67 series (pSR67.1-5), a series of plasmids in which the
protein of interest is expressed from one of five Anderson collection promoters of different

strengths (Schmidl, Sheth et al. 2014).

To construct plasmid pJZ133, we amplified the tetR-yfp fragment from pDM21 using
primers TetR-YFP-GG-FP and TetR-YFP-GG-RP. The backbone of pSR67.1 (containing
Pi23117, BBa_J23117, 162 arbitrary Anderson promoter units) was amplified using primers
pSR67-GG-FP and pSR67-GG-RP. The two fragments were digested using Bsal and
ligated using Golden Gate assembly (Engler, Kandzia et al. 2008). pJZ102 was constructed
similarly, except that tetR-mCherry was amplified from pKG110 using primers TetR-

MCherry-GG-FP and TetR-mCherry-GG-RP.

To construct plasmid pJZ107, we amplified the ms2-gfp fragment from plG-K133 using
primers MS2-GFP-GG-FP3 and MS2-GFP-GG-FP3. The backbone of pSR67.3

(containing Pj23105, BBa_J23105, 623 arbitrary Anderson promoter units) was amplified
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using primers pSR67-GG-FP2 and pSR67-GG-RP3. The two fragments were digested

using BsmBlI and ligated using Golden Gate assembly.

We next combined tetR-mCherry and ms2-gfp in a single plasmid. pJZ152 was constructed
in the following way. The Pi3105-ms2-gfp fragment was amplified from pJZ107 using
primers MS2-TetR-GG-FP2 and MS2-GFP-GG-RP3.  The backbone of pJZ102
(containing Pj3i117-tetR-mCherry) was amplified using primers pSR67-D-GG-FP and
pSR67-D-GG-RP. The two fragments were digested using BsmBI and ligated using
Golden Gate assembly. pJZ156 was constructed similarly, but with the two proteins placed
in the reverse order. Py3117-tetR-mCherry was amplified from pJZ102 using primers MS2-
TetR-GG-FP2 and TetR-mCherry-GG-RP2, and ligated to the backbone of pJZ107

(containing Pj23105-ms2-gfp).

pJZ186 was constructed in order to lower the expression level of TetR-mCherry. This was
done by replacing the ribosomal binding site (RBS) BBa_ 0034 (Registry of Standard
Biological Parts), with BBa_0031 (0.07 relative strength to BBa_0034). A fragment
containing Py3117 and BBa_0031 was synthesized as a double-stranded DNA (gblocks, IDT)
with flanking BsmBI cut sites. This fragment was then digested with BsmBI and ligated
with the backbone of pJZ156, which was amplified using primers P9 and P11 and digested

with the same enzyme.

1.2 Growth media and conditions
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Three different growth media were used in this study: (i) LB (1 L of medium contains 10
g tryptone (BD Biosciences), 5 g yeast extract (BD Sciences), 5 g NaCl (Fisher Scientific)
and 1 uM NaOH (Fisher Scientific)); (ii) Glucose (Minimal M9CA broth (Teknova)); (iii)
Glycerol (Minimal M9 broth minus carbon (Teknova), supplemented with 0.4% glycerol

(Fisher Scientific)).

Cultures from fresh colonies were grown overnight (14-16 hours) with antibiotics when
appropriate: 100 pg/ml Ampicillin (Fisher Scientific), 50 pg/ml Kanamycin (Fisher
Scientific), 17 pg/ml Chloramphenicol (Fisher Scientific), 5.5 pg/ml Gentamicin (Sigma),
100 pg/ml Spectinomycin (Fisher Scientific). Depending on the growth conditions of
overday cultures, we used two different overnight culture setups: If the overday condition
was LB, the overnight cultures were grown in LB; otherwise, the overnight cultures were
grown in glucose. If the overday condition was glycerol, the overnight (glucose) culture
was diluted at least 1:800. The overday cultures for each type of experiment were grown
as described below. Detailed information regarding strains and growth conditions is

provided in the supplementary caption for each figure.

1.2.1 smFISH steady-state experiments

The overnight cultures were used to prepare overday cultures at dilutions ranging from
1:200 to 1:2000 into 30 ml medium with the appropriate supplements, and grown in 250-
ml baffled flasks to ODeoo ~ 0.2. Each sample was then treated according to the procedures

described in SM section 1.3.

1.2.2 smFISH induction experiments
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The overnight cultures were diluted (1:250 to 1:1000) into 200 ml medium with the
appropriate supplements and grown in 1000-ml baffled flasks to ODeggo ~ 0.2. Isopropyl B-
D-1-thiogalactopyranoside (IPTG, Sigma) was added to a final concentration of 100 uM
(glycerol) or 1000 uM (glucose) at t = 0. 10 ml samples were collected at different time

points and treated according to the procedures described in SM section 1.3.

1.2.3 smFISH rifampicin experiments

The overnight cultures were diluted (1:250 to 1:1000) into 120 ml medium with the
appropriate supplements and grown in 1000-ml baffled flasks to ODeoo ~ 0.2. Rifampicin
(Fisher) was added to a final concentration of 500 pg/ml (Bernstein, Khodursky et al. 2002)
at t = 0. 10 ml samples were collected at different time points and treated according to the

procedures described in SM section 1.3.

1.2.4 Live-cell snapshots

The overnight cultures were diluted 1:1000 into 10 ml medium with appropriate
supplements and grown in 125-ml baffled flasks to ODeoo =~ 0.2. Cells were then prepared

for imaging according to the procedure described in SM section 1.4.1.

1.2.5 Live-cell time-lapse movies

The overnight culture was diluted 1:1000 into 10 ml medium with appropriate supplements
and grown in 125-ml baffled flasks to ODeoo ~ 0.2. Cells were then prepared for imaging

according to the procedures described in SM section 1.4.2.

1.3 Single-molecule fluorescence in situ hybridization (smFISH)
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The smFISH protocol was described in detail previously (Skinner, Sepulveda et al. 2013).
Briefly, a set of antisense DNA oligo probes was designed against the gene of interest and
synthesized with 3* amine modification (LGC Biosearch Technologies). The oligos were
pooled, covalently linked to fluorescent dyes (Invitrogen) and purified through ethanol
precipitation. Probe sequences and fluorescent dyes are listed in table S5. Cells were grown
as described in SM section 1.2, then harvested, fixed and permeabilized. Cells were
incubated with fluorescently labeled probes, washed, and then imaged as described in
section 1.5.2. We made the following modifications relative to the original protocol of
(Skinner, Sepulveda et al. 2013): (1) A final concentration of 1% formaldehyde was used
for cell fixation. (2) For steady-state experiments, we added a washing step after cell
harvesting (centrifuging at 4500 g for 5 min), prior to cell fixation. The harvested cell
pellets were resuspended in 1 ml 1xPBS, then centrifuged at 4500 g for 1 min. This
washing step is meant to ensure the proper pH, since YFP is pH-sensitive (Llopis,
McCaffery et al. 1998). (3) For non-steady state experiments, at each time point, the culture
was taken out and directly mixed 1:1 (equal volume) with 2% formaldehyde solution in

2xPBS.

1.4 Preparation of live cells for imaging

1.4.1 Snapshots

Cells were grown as described in SM section 1.2.4. 1 ml of each sample was transferred

to a 1.5 ml microcentrifuge tube and centrifuged at 15,000 rpm for 30 s, and the cell pellet
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was resuspended in 50 pl of the same medium. Cells were then imaged as described in SM

section 1.5.2.

1.4.2 Time-lapse movies

Cells were grown as described in SM section 1.2.5. Time-lapse movies were carried out
using the CellASIC ONIX microfluidic system (Millipore) in a temperature-controlled
enclosure with a heater (okolab), following the manufacturer’s protocol. In brief, cells and
media were first pipetted into the appropriate wells in the microfluidic bacteria plate. The
microfluidic plate was then sealed to the ONIX manifold and placed under the microscope.
Cells were loaded and trapped in the imaging area. Both temperature and flow speed were
maintained for at least 30 min to achieve stable cell growth before imaging. Medium
switching and flow rate settings were controlled using the CellASIC ONIX FG software.

Cells were then imaged as described in SM section 1.5.3.

1.5 Microscopy

1.5.1 Optical setup

We used an inverted epifluorescence microscope (Eclipse Ti, Nikon), equipped with
motorized stage control (ProScan Ill, Prior Scientific), universal specimen holder, a
mercury lamp (Intensilight C-HGFIE, Nikon), filter sets (YFP, GFP, TxRed, Cy5, Nikon)
and either an EMCCD camera (Cascade 11: 1024, Photometrics) or a CMOS camera (Prime
95B, Photometrics). A 100x%, NA 1.40, oil-immersion phase contrast objective (Plan Apo,

Nikon) was used, as well as a 2.5x magnification lens (Nikon) before the camera.
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1.5.2 Acquisition of snapshots

Cells were prepared for imaging as described in SM sections 1.3 (fixed cells) and 1.4.1
(live cells). The samples were then placed onto the microscope’s slide holder, and the cells
were visually located using the phase-contrast channel. In all experiments, we used 100 ms
exposure for phase-contrast images. For the fluorescence channels (YFP, GFP, TxRed,
Cyb5), we used exposure times between 0.2 and 1 s, with EM gain of 2000-3500 (when
using the EMCCD camera). Fixed-cell snapshots were taken at 9 z-positions (focal planes)
with steps of 200 nm, or 5 z-positions with steps of 300 nm. Live-cell snapshots were taken
at 5-7 z-positions with steps of 300 nm. Images were acquired at multiple slide positions

(to image a total of 400-4000 cells, typically 10-30 positions).

1.5.3 Acquisition of time-lapse movies

Cells were prepared for imaging as previously described in SM section 1.4.2. Time-lapse
movies were taken at 3 z-positions with steps of 500 nm. We used an exposure time of 100
ms, EM gain of 3000, and Neutral Density (ND) filter 8-16 for the GFP channel; and
exposure time of 100-200 ms, EM gain of 3500, ND 1-2 for the TxRed channel. Movies
were acquired at multiple xy positions (typically starting with 50-100 cells per position, 5-
10 positions). Depending on the growth conditions, movies were acquired at a frame rate

of 5-10 min.
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SUPPLEMENTARY MATERIALS: DATA ANALYSIS

2.1 Cell recognition and lineage tracking

We used Schnitzcell (Young, Locke et al. 2012) to recognize cells in the phase-contrast
images of snapshots of live and fixed cells, as well as time-lapse movies. In every image
stack (see SM section 1.5), the z-slice with the largest variance of pixel values was
identified as “in focus”, and used for cell segmentation. The segmentation results were
visually inspected, and poorly segmented cells were either discarded or manually corrected
using the software GUI. For time-lapse movies, following segmentation, we used the built-

in capability of Schnitzcell to track cell identity and lineage over time.

2.2 Spot recognition and quantification

2.2.1 Spot recognition

We used Spétzcell (Skinner, Sepulveda et al. 2013) to recognize and quantify foci (“spots”)
in the fluorescence images of live and fixed samples. Briefly, Spéatzcell first identifies the
local maxima above a user-defined threshold, in every z-slice in an image stack. It then
connects the local maxima from different z-slices that correspond to the same spot. For
each spot, the in-focus plane is defined as the one where the spot has the highest intensity.
In that plane, the fluorescence intensity profile within a small region around each spot is
fitted to one or more two-dimensional elliptical Gaussians, with the number of Gaussians
equal to the number of local maxima within the region. The following properties of each

spot are obtained from the fitting procedure and used in subsequent analysis: the position,
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the area (multiplication of m, major and minor axis of fitted Gaussian), peak height

(amplitude of fitted Gaussian), spot intensity (volume underneath the fitted Gaussian).

Spétzcell was originally optimized for smFISH images, where there is almost no
background fluorescence in the cell. In our FROS and MS2 images, where spots correspond
to a bound fluorescent protein, there was often a significant level of background
fluorescence in the cell. To improve spot recognition in those images, we modified the first
step in Spatzcell, namely identifying local maxima at different z-slices, as follows: For
each z-slice, we performed & Trous wavelet three-plane decomposition and obtained the
second wavelet plane (Olivo-Marin 2002, Hammar, Walldén et al. 2014). We then
calculated the Laplacian of the second wavelet plane and set a threshold to identify the
local maxima. The subsequent steps (connecting spots in different z-slices, identifying the
focal z-slice for each spot, and fitting) were unchanged. The intensity profile for fitting was

still obtained from the original image.

2.2.2 Discarding false positive spots

For spots identified in smFISH images, we followed the procedure described in (Skinner
2013). Briefly, the distribution of spot peak heights in a given sample was compared to the
results from a negative sample (a sample without the RNA-of-interest) (fig. S3). A
threshold was chosen such that ~99% of spots from the negative sample are below (dimmer
than) the threshold. The same threshold value was then used in the experimental sample,
with only spots brighter than the threshold considered real RNA spots and used in

subsequent analysis.
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For spots identified in FROS and MS2 images, the two-dimensional scatter plot of peak
height versus spot area was compared to the results from a negative sample (here, images
of cells expressing the fluorescent protein but lacking the cognate binding sites in the
chromosome) (fig. S4). Manual gating was then used to discard the spot population present
in the negative sample, and the choice of gating was confirmed by manual inspection of

spots in a subset of images.

2.2.3 Measuring RNA numbers

RNA quantification was performed as described in (Skinner, Sepulveda et al. 2013).
Briefly, after discarding false positive spots (see SM section 2.2.2), we first examined a
low-expression sample, where individual RNAs are spatially separated. We fitted the
histogram of spot intensities to sum of Gaussians corresponding to one, two, and three
RNA molecules per spot (fig. S3). The center of the first Gaussian was then used to estimate
the fluorescence intensity corresponding to a single RNA. Subsequently, for each smFISH
spot in any sample, we converted the measured spot intensity to RNA number based on the
above single-RNA intensity. Likewise, total RNA copy number per cell was calculated by

summing the spot intensities of all spots within the same cell, converted to RNA number.

2.2.4 Gene copy identification

After removing false positive spots (see SM section 2.2.2), the majority of remaining
FROS spots correspond to individual gene copies (Sepulveda, Xu et al. 2016). And indeed,
the mean numbers of gene spots per cell was consistent with previously reported values

and with the theoretically expected copy number for different genomic loci and growth
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rates (fig. S1). Under most experimental conditions, the smFISH procedure (SM section

1.3) resulted in only a minor loss (<10%) of FROS spots (fig. S1).

But while most FROS spots represent individual gene copies, we also expect to observe a
fraction of spots corresponding to replicated sister copies that are still in cohesion with
each other, and therefore optically inseparable (Bates and Kleckner 2005, Joshi,
Bourniquel et al. 2011). Consistent with this expectation, under some experimental
conditions we were able to observe two distinct populations of FROS spots, with the peak
height of the brighter population approximately twice that of the dimmer population (fig.
S4). Moreover, the fraction of twice-as-bright spots (10-20%) was consistent with the
reported duration of sister-copy cohesion ((Nielsen, Li et al. 2006, Nielsen, Youngren et

al. 2007, Joshi, Bourniquel et al. 2011), fig. S4).

2.3 Measuring nascent RNA and identifying active gene copies in fixed cells

2.3.1 Correcting for chromatic aberration

The correction for chromatic aberration was done as described in (Xu, Sepulveda et al.
2015). The identification of nascent RNA relies on precisely identifying colocalized gene
locus and RNA spots. We therefore had to first correct for the effect of chromatic
aberration, which creates a shift in the relative positions of images acquired in different
fluorescent channels. To do so, we imaged fluorescent beads (Fisher# T7279) using the
same imaging parameters as the sample slides. In each imaged channel, the spots
(individual beads) were recognized and localized using Spatzcell. The measured offset

between bead centers in the two channels (Ax, Ay) was well described by a linear function
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of the bead position (x, y). Using this linear fit allowed us to correct the position of each

bead. The same fit was then used to correct the images from the experimental samples.

2.3.2 Identifying active transcription using co-localization analysis

After correcting the chromatic aberration, we calculated the distance from the center of
each RNA spot to the center of its nearest gene locus in the same cell. Under multiple
experimental conditions, the resulting histogram of RNA-to-gene distance (fig. S2)
revealed two distinct populations of RNA, residing, respectively, in proximity (within
~300 nm) to the gene and further away from it. This observation can be rendered more
quantitative by fitting the distance histogram to a sum of two Gaussian functions (fig. S5).
For wild-type Piac, at medium-to-high expression levels (where the two distinct populations
were clearly seen), the distance threshold was similar across different growth media (LB,
glucose and glycerol, fig. S2). The threshold value was also similar in a number of
additional promoters and genomic loci (fig. S2). Based on these observations, we classified
each RNA spot, based on its distance to the nearest gene copy, as either “nascent” (< 300
nm) or “mature” (> 300 nm). Similarly, each gene copy was classified as “active” (presence

of RNA spot within 300 nm) or “inactive” (absence of RNA spot within 300 nm).

2.3.3 Measuring nascent RNA

For each gene spot, the amount of nascent RNA was measured by summing over the
intensities of all RNA signals within the distance threshold and converting to RNA copy
number using the single-RNA intensity (see SM section 2.2.3). The resulting value is

denoted as “nascent RNA per gene copy”. For each cell, the amount of nascent RNA was
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similarly measured by summing over the intensities of all the nascent RNA signals in the

cell and converting to the RNA copy number. The resulting value is denoted as “nascent

RNA per cell”.

2.3.4 Estimating the effect of unseparated sister loci on nascent RNA measurement

As mentioned in SM section 2.2.4, a fraction of FROS spots correspond to unseparated
sister loci rather than individual gene copies. Therefore, nascent RNA measured as these
loci corresponds to the total nascent RNA at two gene copies. To assess how this population
affects the distribution of nascent RNA per gene copy (analyzed in Fig. 2F, 2G and fig.
S15, S16, S17), we performed the following calculation: We denote as Pnas(m) the true
distribution of nascent RNA per copy, and use ¢ to denote the fraction of FROS spots that
are unseparated sister copies. The observed distribution of nascent RNA per FROS spot
(assuming independent transcription from the two sister copies) can then be written as:
Phnas,mix(M) = (1—C)Pnas(M)+¢(Pnas(M)*Pnas(mM)). To evaluate the difference between Pnas(m)
and Pnasmix(M), we used our experimentally estimated kinetic parameters (SM section 3.5.6
and fig. S18) to calculate both distributions, and found them to be statistically

indistinguishable within our experimental accuracy.

2.3.5 Correcting for false identification of nascent RNA

A fraction of the mature (cytoplasmic) RNA molecules are expected to be falsely classified
as nascent, due to randomly co-localizing with the gene locus. The “false-nascent fraction”

(n) is given by the probability, for a given mature RNA spot, of falling within the distance
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threshold of a gene spot. This can be estimated, from simple geometrical considerations,

to be:

2
_ Neros7 !

= —fROS™ 1
Acell ( )

where Nrros is the (mean) number of gene copies per cell, r is the distance threshold (see
SM section 2.3.2), and Acen is the (mean) cell area. o is found to be around 10-20%,
depending on the growth conditions, which affect both gene copy number and cell size (fig.

S5).

To validate our estimation of false nascent calling, we calculated o using an alternative
approach. As described in SM section 2.3.2, the RNA-to-gene histogram can typically be
described using a sum of two Gaussian functions, corresponding respectively to gene-
proximal (nascent) and gene-distal (mature) RNA. The fraction of mature RNA that will
be falsely classified as nascent can be estimated from the area of the gene-distal Gaussian
that fall left of the distance threshold, divided by the full area of under that Gaussian (fig.
S5). We found that this procedure yielded estimates of o that were close to those obtained
using the geometrical argument above (fig. S5). Since the histogram-based calculation can
only be applied in samples where a two-Gaussian fit is possible, we proceeded to use the

geometrical method for all cases.

Once we have estimated «, we can use it to correct our measurements of nascent RNA. We

first correct the mean level by solving the following equation relating the actual levels of
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nascent, mature and total RNA per cell (denoted nasrea, matreal, tot) and the measured levels

(naSmeasure, Matmeasure, tOt):

real

NAS, eaure = NAS,, +omat
nas +nas =tot

real — measure measure (2)

nas —atot
=Nnas,, = —meisiea

nas,., +nas

real

Correcting the distribution of nascent RNA per gene copy involves a more elaborate
process, demonstrated in fig. S5. We begin by considering that each gene-proximal RNA
spot has a probability prea Of being a real nascent RNA. Note that this probability may
depend on the intensity of the RNA signal, as suggested by Fig. 1B. To evaluate prea, We
write down the following relation between the counts of observed and real nascent and

mature RNA signals at different intensity values:

C(lm) = Q=a)C(I ) +@-)C(12) @A)
C(l5s) = aC(lm) +nC5)
_ca)
preal(l)_c(lr?at;s) (4)

Where C (I1S2$) and € (182%) denote the counts of the corresponding species and # is the
gene-locus detection efficiency. We can write down the relationship between the observed

nascent and mature RNA signal and the real underlying nascent and mature RNA signal.

We next proceed to estimate prea(l) as follows. For a given sample, the intensity data of
measured nascent and mature RNA was binned to obtain C(I253) and € (182%). We then

solve for C (152" and € (1583 using equation (3), calculate prea(1) at different intensity
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bins using equation (4), and fit it to a Hill function, reflecting the observation that a stronger
gen-proximal RNA signal is more likely to be a true nascent one, at least in high expression
samples (fig. S5). In practice, we found that a “flat” fit for prear(l) (i.€. using its mean value)

yields similar results.

Finally, we use the calculated prea(l) for a given sample to correct the measured distribution
of nascent RNA per gene copy. For each gene copy, we denote by 1, I2, ... In, the intensities
of all the RNA signals within the distance threshold (typically n < 3). For each RNA signal,
we calculated the corresponding probability of being real p1, p2... pn. There are in total 2"
possible combinations of real nascent RNA numbers for each gene copy. Assuming that
the probability of being real is independent between the different RNA signals, we can
calculate the probability for each combination as follows. For a given gene copy i and
combination j (j = 1 to 2"), Ni; denotes the corresponding total level of real nascent RNA
at the gene (converted from the intensity) and Wi,;j is the probability of this combination.

The corrected distribution of nascent RNA number per gene copy p(m) then becomes

Z Wi,J'
p(m) = Z (5)
Wi,j

ij

We find that, as required, the methods for correcting the mean and the distributions are

consistent with each other (fig. S5).

2.3.6 Correcting the histogram of active copy number
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When examining the correlation in activity between multiple copies of the gene (Fig. 3),

we first gate for cells having two copies of the gene (see SM section 2.5.3). We next define
PSPS(a = 0,1, 2) to denote the observed frequency (probability) of cells having 0, 1 or 2
active gene copies. To correct for false nascent identification (see SM section 2.3.5), we
first put aside cells without any RNA signal, since those would not be subject to the random
colocalization between RNA and gene spots. We denote as forna the fraction of such cells

in a given sample, and P22S(a) the distribution of active copies in the remaining

population. P3PS (a) and P25 (a) obey the following relation:

a

P;*(a=0) 1 P (a=0)
F)alljlbs (a = 1) = fORNA 0|+ (1_ fORNA) PSSES (a = 1) (6)
Pi"(@=2) 0 P (@=2)
Which we rewrite as:
Psﬂﬁs (a = 0) I:)aflbS (a = O) - fORNA
P@=) [=——| RI@=D (7)
PSEES (a — 2) ORNA Patljlbs (a — 2)

Next, we write down the following relation between P25S(a) and PI¢3!(a), the true

distribution of active gene copies:

P (a =0) (1-a)? 0 0||P®@=0)

sub sub

P®(a=1) |=|2al-a) 1-a 0| P (a=1) (8)

sub sub

P (a =2) o’ a 1||P®(@=2)

sub sub

After obtaining PI%3!(a), we incorporate back the cells without RNA and calculate

Preal(q), i.e. the corrected histogram:
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Preal (a — 0) 1 Preal (a — 0)

all sub

P (a:l) = fORNA 0 +(1_ fORNA) P! (a:]-) (9)

all sub

Preal (a — 2) O Preal (a — 2)

all sub

2.3.7 Correcting the fraction of active gene copies, Pon

The fraction of active gene copies is measured in Fig. 1G and fig. S7. Correcting pon for
false nascent identification is similar to the procedure above for correcting the histogram
of active gene copies (SM section 2.3.6). We denote as P;’ﬁ’s(a) the measured frequencies
of individual being inactive (a = 0) or active (a = 1) before excluding cells with no
RNA, and P28 (a)the corresponding values after excluding those cells (a fraction forna Of

the population). These observables are related through:

Paﬂbs(a = 0) —f |:l:|+ (1_ f ) Psﬁﬁs(a = O) (10)
Pi*@=n] [0 RS =D
Which we rewrite as:
Psﬁgs (a=0) _ 1 Paﬁbs (a=0)- fORNA (11)
Psﬁﬁs (a = 1) 1- fORNA P1 I(a = 1)

preal(q) describes the frequencies of gene activities after zero-RNA cell exclusion. Its

relation to the observed frequencies follows:

{P;JES(FO)}:F—«J OHPSL?' (azoq (12)

P (a=1) a 1] Pi(a=1)

sub sub

After calculating Pr3(a), we incorporate back the cells without RNA and calculate

PI5? (a).
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|:F)a“aall(a } O):| = fORNA |:l:| + (1_ fORNA)|:PSLe;II(a } O):| (13)
prel (g =1) 0 P (a=1)

all sub

The corrected pon is equal to P53 (a = 1).

2.4 ldentifying active gene copies in live cells

2.4.1 Snapshots

In live-cell experiments, the activity state of each gene copy was determined as follows.
First, cell segmentation (SM section 2.1) and spot recognition (SM section 2.2) were
performed as described above, followed by correcting chromatic aberration cells (SM
section 2.3.1) and co-localization analysis of the gene and RNA signals (SM section 2.3.2),
as in fixed cells. After examining the RNA-to-gene distance in multiple samples (fig. S6),
a value of 450 nm was chosen for the distance threshold between nascent and mature RNA.
Thus, each gene copy was classified as active/inactive based on the presence/absence of of
RNA within 450 nm of it. In a number of samples, image quality was insufficient for
performing the automated analysis described above, and instead we identified active gene
copies manually, by visually inspecting for the presence of an RNA signal within 10 pixels
(~500 nm) of the gene. When applied to the same sample, manual and automated analysis

yielded similar estimates of pon.

2.4.2 Time-lapse movies

The analysis of time-lapse movies is complicated by the need to keep track of cell- and
spot identity over time. For automated analysis, cell segmentation and lineage tracking

were done as described in SM section 2.1. As part of the output of Schnitzcell, each branch
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of a cell lineage (called a “schnitz”) tracks a cell from birth to division. For recognizing
spots and identifying active gene copies, we first treated the time-lapse movies as snapshots
(SM section 2.4.1), and then incorporated the spot measurements into the original “schnitz”
to keep track of cells, gene copies and RNA simultaneously. The following properties of
the updated “schnitz” were used in subsequent analysis: the number, intensity, and activity
status of each gene spots in each cell. The intensity of each gene spot was used to estimate
the gene replication time (see SM section 2.7.3 below). In our analysis, we only included
those “schnitzs” that fulfill the following criteria: (1) The cell was successfully tracked
through its full cell cycle; and (2) the cell doubling time was within 75-125% of the average
doubling time of all cells in that movie. When movie quality was insufficient for automated
analysis, we recorded manually the timing of cell birth and division and of sister copy

separation, and the activity of each gene spot.

2.5 Processing of experimental data for model fitting

2.5.1 Population averaged data

For steady-state data, the total number of RNA molecules per cell was obtained as
described in SM section 2.2.3, and the nascent RNA number per gene copy was obtained
as described in SM section 2.3.3. The measured nascent RNA number per cell was
obtained by multiplying by average gene copy number, measured as described in SM
section 2.2.4. The nascent RNA number per cell was then corrected for false-nascent
classification as described in SM section 2.3.5. For non-steady-state (induction) data, to

convert the nascent RNA number form per-gen-copy to per-cell, we first divided the total
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RNA number per cell with the nascent RNA number per copy (for the first 10 time points
where all RNA in the cell is mature) and obtained the average “scale factor” (similar to the
average gene copy number per cell). We then multiplied the nascent per gene copy with
the scale factor to convert nascent RNA number from per-gene-copy to per-cell (mentioned
in SM section 2.3.4). The number of mature RNAs per cell was then calculated by

subtracting the nascent RNA number from the total RNA number per cell.

2.5.2 Copy-number distributions

In each experiment, the distribution of the total RNA number per cell was obtained from
the measurement described in SM section 2.2.3. The distribution of nascent RNA number
per copy, corrected for the random colocalization of RNA with the gene locus, was

obtained as described in SM section 2.3.5.

2.5.3 Gating cells with one or two gene copies

The data presented in Fig. 2G, 3B and 3E relied on analyzing cells having a defined number
(one or two) of gene copies. To identify those cells in a given sample, the gene copy number
of each cell was obtained as described in SM section 2.2.4. We then plotted the gene copy
number of each cell versus the cell length, where the doubling of the average gene copy
number, corresponding to gene replication during the cell cycle, can be observed (fig. S21).
In subsequent analysis, we included only cells that fell within the two-fold range of cell
length containing most cells, extended by 33% on each side. Cells were designated as one-
copy cells by requiring that a copy number of one was measured, but also that cell length

is smaller than the mid-point of the length range, to minimize the inclusion of 2-copy cells
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where one copy was missed in the analysis. Similarly, cells were designated as 2-copy cells
by adding the requirement that their length is larger than the mid-value. A similar procedure
was used to gate 2- and 4-copy cells under fast growth conditions where cells may contain

2 to 4 copies of a given locus (Neidhardt, Ingraham et al. 1990).

2.6 Calculating the correlation in gene activity between two gene copies

2.6.1 Snapshots

To correlate the activity of two sister gene copies within each cell, the data for nascent
RNA per gene copy was obtained as described in SM section 2.3.3. Cells with two gene
copies were gated as described in SM section 2.5.3. The correlation in activity states of the
two copies was calculated using:

=000 (129

i0j

r =

where i and j represents the activity (0/1) of the two copies in the same cell. We similarly
calculated the correlation between nascent RNA levels of two gene copies (see fig. S22),
as well as the corresponding “extrinsic noise”, using the definition in Elowitz 2002 (fig.

S27).

2.6.2 Time-lapse movies

We tracked the activity (0/1) of individual gene copies in the cell over time, as described
in SM section 2.4.2. The cross-correlation between the two gene copies in the same cell

copies was calculated as:
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%i[i(t)x jt+7)—i®)x j®)]
=L — (15)
\/N;[i(t)_i(t)] xJNZ[j(t)—j(t)]

=1

where i(t) and j(t) are the activities of the two gene copies in the same cell, N is the number
time points in the time series, and 7 is the lag time. As controls, we also calculated the
corresponding cross correlation for (1) two gene copies belonging to different cells, and

(2) randomly shuffled data in time for each gene copy.

2.7 Analyzing cell-cycle data

2.7.1 Estimating the gene replication time using sister-copy cohesion

Sister-copy cohesion was discussed in SM section 2.2.4. In smFISH experiments, plotting
individual spot intensity versus length of the cell (Fig. 4A, 4C and fig. S29, S30) revealed
peaks, corresponding to the cell-cycle phase with the highest occurrence of the unseparated
sister copies, i.e. following gene replication (Joshi, Bourniquel et al. 2011). To estimate
the cell-length position of the replication events, we fitted the binned data to a sum of two
Gaussian functions (corresponding to replication events) and a 2" degree polynomial

(capturing slower changes along the cell cycle):
y =u,e O e 2w x4 w,x 4w, (16)

The centers of the two Gaussians (a, b) were then used as the estimated cell lengths at
which gene replication took place. As seen in fig. S29, S30, the estimated cell lengths of

gene replication exhibited the expected dependence on genomic locus and growth rate.

60



2.7.2 Describing the transcriptional response to gene replication

Nascent RNA level per cell was plotted versus cell length, normalized to the sample mean,
and binned. In the case that promoter activity simply follows gene dosage (e.g. an
unrepressed Pr, Fig. 4B and fig. S29), we fitted the data to the sum of two Hill functions,

corresponding to two rounds of gene replication:

1 2
y=c(l+ + ) (17)
1+ (E)kl 1+ (%)kl
X X

The parameter nz describes the fold change in cell length between the successive replication
events. It is expected to be close to (but not necessarily equal to) 2 (Wallden, Fange et al.

2016), and this is indeed what our analysis shows (fig. S29, S30).

For datasets exhibiting a pulsatile response to the event of gene replication (e.g. Piac, Fig.
4D and fig. S30), we modified the fit by adding two Gaussians centered at the half-

maximum points of the Hill functions:

y=c(l+ L + 2 )+ue ey gV’ (18)
ay n,a.y ! 2
1+(5) 1+(-2)°
X X

The magnitudes of the Gaussian functions (uz, uz) were used to estimate the effect of gene
replication on transcription (Fig. 4F).

2.7.3 Estimating gene replication in time-lapse movies

Sister-copy cohesion was discussed in SM section 2.2.4. As part of the automated analysis

of time-lapse movies, we measured the total intensity of gene spots in the cell over time
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(SM section 2.4.2). For each “schnitz” fulfilling our gating criteria (SM section 2.4.2), we
then manually identified the time point at which that intensity approximately doubled. This

point was estimated to be the gene replication time.
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SUPPLEMENTARY MATERIALS: MODELING

3.1 ODE version

3.1.1 Model description

Our model for RNA Kinetics is depicted in Fig. 2A. Following (Xu, Skinner et al. 2016),
the model aims specifically to predict the fluorescent signal from smFISH (or MS2-GFP)
probes labeling a region of the gene of interest. To first calculate the population-averaged
MRNA signal, we write an ODE version of the model that includes the following features.
Transcription initiation occurs at a rate kini, followed by transcript elongation at speed v, to
a final length L (Xu, Skinner et al. 2016). Upon completion, nascent RNA is released from
the gene to become mature RNA. Both nascent and mature RNA can be degraded, with
degradation initiated at rate kg and proceeding form the 5” end of the transcript at speed v
(Chen, Shiroguchi et al. 2015). The identical speeds of transcript elongation and
degradation reflect the three-way coupling between transcription, translation, and
degradation, as discussed in (Chen, Shiroguchi et al. 2015). SM sections 3.3 and 3.4

describe variations to the model assumptions used above.

3.1.2 Steady-state mRNA levels

The total, nascent and mature mRNA signals corresponding to a given position n on the
gene are denoted by totp(n), nasp(n), and matp(n). Without loss of generality, we set the
observation time to, = 0. The total mMRNA signal corresponding to position n consists of
transcripts initiated in the past from —oo to —to (with to=n/v), and which have not been

degraded. Transcription events that initiated after —to have not reached position n yet. The
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probability of no degradation initiation events until time —to for the transcript that initiated
at time t is exp(—d(—to—7)). If transcript degradation after —to, position n would not be
degraded yet. Similarly, the nascent mRNA signal corresponding to position n consists of
transcripts that initiated from —T (T=L/v) to —to, and the mature mRNA signal
corresponding to position n consists of transcripts that initiated from —oo to —T. We thus

write:

tOtp (n) = J:: ke_d(—to—r)dz- — g
nasp (n) = J.:_:O ke‘d(—to—r)dz. _ g(l_ e—d(Lfn)/v) (19)
matp (n) = J:: ke’d(’tO*T)dT — g(e—d(L—n)/v)

In our experiments, mMRNA is labeled using smFISH probes covering a region of the
transcript (Skinner, Sepulveda et al. 2013). The total, nascent and mature mRNA signals
corresponding to a given range nz to nz on the gene (normalized by the length of the whole
gene, L) are denoted by totp(n1, n2), nasp(nz, n2), and matp(n1, n2). The mRNA signal of the

labeled region is obtained by integrating over all positions within that region:
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n,L

tot, (n,,n,) = jnlL tot, (n)dn = ;
d(L-Ln,) d(L-Ln)
k(L L)kv[e - j
n,L n,—Ln
nasr(nl,nz):jnlL nas, (n)dn = 2d S e
d(L-Lny) d(L-Lny)
kv[e v.o—e Vv J
mat, (n,,n,) = nnzLLmatp(n)dn: wE
(20)

From the equations above, we can calculate “nascent-to-total ratio”, i.e. fraction of mRNA

in the cell that is nascent, as follows,

d(L-Ln,) d(L-Ln)
\ _e \ j

v|e
nasr(nl,nz)_l_ (
tot, (n,n,) Ld(n,—n,)

(21)

Specifically, equation (21) can used to estimate the transcript elongation speed from the
measured nascent-to-total ratio. In fig. S13, this was done for different Piac expression

levels.

3.1.3 mRNA levels during induction

The total, nascent and mature mRNA signals corresponding to a given position n on the
gene, at time t (t > 0) after “turning on” (inducing) the promoter, are denoted by toty(n, t),
nasp(n, t), and matp(n, t). The observation time is denoted by to, and the promoter is turned
on at time top — t. Without loss of generality, we set top = 0. The total MRNA signal is zero

when t < to (to=n/v). When t > to, the total mMRNA signal consists of transcripts that initiated
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in the past from —t to —to. The mature mMRNA signal stays at zero when t < T (T=L/v). When
t > T, the mature mRNA signal consists of transcripts that initiated from —t to —T. All
MRNAs are nascent before the appearance of first mature mMRNA (t < T). When t > T,
nascent mMRNA signal reaches steady-state, consisting of transcripts that initiated from —T

to —to. We thus write:

0 t<t
(t<ty)
tot, (n,t) = k[ed“)—lj
—ty —d(—t -z
[Pkt ar =t (121,
0 t<t
(t<ty)
k(ed(th —1}
nas, (n,t)= j’ke’d(’t"’”dr:— - (t, <t<T)
Lo dn
1oke—d(—t0—‘r)d :K_ke VeV (tZT)
T d d
0 (t<T)
an( L
mat, (n,t) = ke v (e v _e—dtj
[ ke = (t=T)
- d 22)

The total, nascent and mature mRNA signals corresponding to a given range ni to n, on the
gene, at time t after turning on the promoter, are denoted by totr(n1, nz, t), nas«(ny, n, t),
and matr(nz, nz, t). Similarly to the steady-state case, these signals are the integrals of toty(n,

t), nasp(n, t), and maty(n, t) over the labeled region, i.e.,
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tot, (n,,n,,t) =J.nn12LLtotp(n,t)dn

n,L
J‘nlL 0dn =0 (t<nL/v)
—d 1_Linl
d(tfﬂj Kl v _Ve [ v]
kie * -1 d (L )
n,L vt n, tv
= J'vt 0dn+.[nlL— ] dn=- 3 — ] (nL/v<t<n,L/v)
,d(l,ﬂ) Ldn,  Ldn,
k| e V-1 kve it g v e v
n,L dn— k(Ln,—Ln,) Sl
J‘nlL ] n= PE ] (t=n,L/v)
n,L
nas, (nl’nz’t)z.[m nas, (n,t)dn
nL
" 0dn=0 (t<nL/v)
,d[t,ﬂ]
n v ve !
k{e ) V]_lJ I k(Ln, —tv)
n,L vt nl—tV
J'Vt 0dn+J.nlL— 5 dn=- 5 — ] (nL/v<t<n,L/v)
= ,d[t,ﬂj Ldn Ldn,
kle vi-1 kve‘dt(e v _g v ] )
IHZL— dn = 5 _k(Ln-Ln) (nL/v<t<T)
mL d d d
_Ld Ldn Ldn,
kk,ﬁﬂ kveV(eV—eVJk(L Ln,)
n,L e VeV _ n—-Ln,
[ G-—in= e R (t=T) (23)
mat,(nl,nz,t):.[r:iLmatp(n,t)dn
n,L
" 0dn=0 (t<T)
_ dn/ Ld Ldn Ldn, Ld/ Ldn,  Ldn,
- keV(e v —e‘“j kve‘“[e vo—e VY J kve v [e VeV J
n,L
.. - dn = e - e (t=T)

3.1.4 mRNA levels following the inhibition of transcription initiation

We again denote the total, nascent and mature mRNA signals corresponding to a given
position n on the gene, at time t, by toty(n, t), nasp(n, t), and maty(n, t), respectively. The

observation time is denoted by tob, and the promoter is “turned off” at time top—t. Without
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loss of generality, we set ton = 0, and the promoter is turned-off at time —t. The total MRNA
signal remains at the steady-state level for t < to. When t > to, the total MRNA signal consists
of transcripts that initiated from—oo to —t. The mature mRNA signal remains at the steady-
state level for t < T (T=L/v). When t > T, the mature mRNA signal consists of transcripts
that initiated from —oo to —t. The nascent mMRNA signal remains at the steady-state level for
t <to (to=n/v). When t > to, the nascent mMRNA signal consists of transcripts that initiated
from —T to —t. When t > T, all nascent mRNAs have been completed and released from the

gene, thus the nascent mRNA signal will be equal to 0. We thus write:

ke e =§ (t<ty)
tot, (n,t) = ofn)
J~_—t ke—d(*toff)dz- :keT (t Zto)
_d(L-n)
k(e v —1]
o, _d(-t ¢
j_T ke g7 = — - (t<ty)
7d(L—n) i
k(e vo—-e d(t Vj]
nas, (n,t)= _[:Tt ke "o )dr = - ; (t, <t<T)
(t>T)
_d(L-n)
[’ keColgr =K (pe) (24)
mat, (n,t)= (E n]
—d| t—
[ ke o dz = ke (t>T)
- d
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The total, nascent and mature mRNA signals corresponding to a given range n1to nz on
the gene, at time t after turning off the promoter, are denoted by totr(n1, nz, t), nasr(n1, na,
t), and matr(nz, n2, t). These signals are the integrals of totp(n, t), nasp(n, t), and maty(n, t)
over the labeled region, i.e

n;

tot, (n,n, t)= J'nlLLtotp (n,t)dn

nL k
LLadn:, S (t<nL/v)
(<) -
= J'"ZLhdn+J'“4dke n:k\2/+k(an—tV)7kve 5 (nL/v<t<n,L/v)
v d o d d d d
Ldny  Ldn,

~afe-2) kve’”‘[e Ve }
[ (t=n,L1v)
mod B d? T

_d(L-n) _d(L-Lny) _d(L-Ln,)
k[e v —1} kv{e v o—e Vv J Lk
n, n-n
.[ ; dn= (n-n,)

o g pE - g (t<nL/v)
d(L-n) _d(L-n) ,d(pﬂ) d(L-Ln)  d(L-Lny)
k[e v —1] kle v —-e V7V KL kv[e v o o—e VY ] ,d(‘,ﬂ)
= J'nzL—idM m——dn:ﬁ+ ( nz—tv)+ _kve (nL/v<t<n,L/v)
w d L d d? d d? d?
d(L-n) 7d[!7g] d(L-Lny) d(L-Lny) Ldn, Ldn,
kie v —-e V'V kv{e v o—e Vv ] kve’d‘[e vio—eV J
nL
IM - i dn= e - e (nL/v<t<T)
(t=T)
mat, (nl,nz,t):f:iLmatp(n,t)dn
_d(L-Lmy) _d(L-Lny)
_d(Ln) kv[e v o-—e VY J
ntke Vv
) J-n]L 3 dn = (t<T)
- Ldn, Ldn,
-a(e) kve’”‘[e VeV }
J'HZLke T (t=T)
e d d? B

(25)

The steady-state and non-steady-state cases are related by the following simple equations:
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tot turn—on (n t)+ tot, turn—off (n t) tot steady —state (n)
Pnas,turn —-on (n t)+ nas,turn—off (n t) nas ,steady —state (n) (26)

Pmat,turn on (n t)+ mat,turn—off (n t) mat ,steady—state (n)

I%ot,turn—on (n1’ r]2 ’ t) + tot, turn—off (nl' nz ’ t) tot ,steady—state (nl7 nz)

I:)nas,turn—on( 2 ! t) + nas,turn—off (nl’ r]2 ! t) nas steady—state (nl’ n2) (27)
I:)mat,turn—on( 2 ’ t) +P mat,turn—off (nl' n2 ’ t) mat steady—state (nl’ nz)

3.1.5 Fitting procedure

Fig. 2B and Fig. 2C depict the results of fitting the model above to experiments where the
population-averaged levels of nascent and total mMRNA were measured at different times
after inducing (using IPTG) or inhibiting (using rifampicin) transcription initiation from
Plac. The fitting involves 4 unknown parameters: v, d, k, and dl. The latter represents the
unknown time delay involved in adding the inducer/inhibitor and its taking effect, as well
as the possible delay involved in chemically fixing the cells (see SM section 1.3). The

equations for the time-dependent signals thus become:

A [tot (n,n,,t'=0) ('
tot t)=
ot (mn,. ) {tot (n,n,,t'—dl) (t'

t

t

~ |nas (n,n,t'=0) (
nasr(nlanZ’t) {nas (n n t ) (

r

r

mat, (n,,n,,t") = { ZVE

n,n,,t'—d )

To perform the fitting, we scanned the unknown parameters over the following range: v
from 20 to 70 nt/s, with a linear interval of 1 nt/s; 1/d from 100 to 300 s, with a linear

interval of 10 s; k/d (number of RNA at the steady state) from 5 to 25, with a linear interval
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of 0.5; dl from 0 to 60 s, with a linear interval of 10 s. Solving the model equations for each
parameter combination resulted in a library of possible solutions. For each of those, we
calculated the R-square value between model prediction and the measured total and nascent
MRNA per cell at all time points. The best parameter combination was defined as the one

with on the best R-square.

3.2 Modeling mature mRNA retention

As discussed in the main text, the model described above is unable to reproduce the
measured Kinetics of total and nascent mRNA following Piac induction in glycerol (Fig. 2C
and fig. S9). To explain the experimental data, we hypothesized (in a variation on (Llopis,
Jackson et al. 2010)) that a fraction of mature mMRNA remains at the gene for its full lifetime
rather than being immediately released upon completion. In the revised model, pr denotes
the fraction of mature mMRNA molecules that are retained at the gene. For steady state, we
use nas r(n1, N2) to denote the measured resident MRNA signal for the range n1 to n2 on the
gene. Note that this signal, previously interpreted as nascent mRNA, now consists of the
true nascent mRNA plus those mature mRNASs retained at the gene. mat’(n1, n2) now
denotes the cytoplasmic population, corresponding only to those mature mRNAs that were

released from the gene. The two mRNA species obey:

nas, (n,,n,)=nas, (n,n,)+ p,mat, (n,n,) 29)
mat, (n,,n, )= (1— p,)mat, (n,,n,)

We can similarly obtain the kinetics of resident and cytoplasmic mMRNA during promoter

induction from the values calculated in the original model (see SM section 3.2.3 above):
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nas; (n,,n,,t)=nas, (n,n,,t)+ pmat, (n,n,,t)

(30)
mat, (n,,n,,t)=(1— p,)mat, (n,,n,,t)

When examining mRNA kinetics following inhibition of transcription initiation in glycerol
(fig. S14), we observed that the level of cytoplasmic mMRNA transiently increases after the
addition of rifampicin. This intriguing feature can be explained by positing that newly
complete mature mRNAs are not retained anymore. This leads to the following mMRNA

kinetics (again in terms of the calculated kinetics in the original model, SM section 3.2.3):

nas; (n,,n,,t)=nas, (n,n,,t)+ p.e“mat, (n,n,t) (31)
mat; (n,,n,,t) = (- p,e”*)mat, (n,,n,t)

which show good agreement with the experimental data (fig. S14).

3.3 A model without co-transcriptional degradation

Our original model above (SM section 3.1) assumes that both nascent and mature mRNA
is subject to degradation. We also tested the performance of an alternative model where
MRNA can only be degraded after the completion of elongation, i.e. nascent mRNA is
protected from degradation. This modification affects not only the calculation of nascent
MRNA level, but also of the mature species: Recall that the observed mature mRNA signal
consists of transcripts that initiated from —oo to —T, which have not been degraded at the

observation time point. Now, however, initiation events happening at t& (—o°, —T—to) and

(—T—to, —T) need to be treated differently, in that the later part is not affected by degradation.

For the steady-state values, we thus write:
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tot, (n) = '[_:40 ke ¢CT T 7 4 '[j_to kdz = g+ Lk

v
nasp(n)='[_:° kdr:@ (32)
mat, (n) = _E:_t[’ ke 4T ) +_[:T:O kdr = ng%

Using the same reasoning as in SM section 3.1, we can derive the kinetics of the total,
nascent and mature mRNA signals corresponding to position n on the gene, at time t

following promoter induction:

0 (t<ty)
tot, (n,t) = J‘:ﬂkdz':k(t—gj (t<t<t,+T)
W an
= v v o-dt
jiplnke’”(”’”")dr+]‘ b opdr=K LK _kerere (t=t,+T)
- T d v d
0 (t<ty)
nas, (nt)=1 [ “kdz=k[t-"] (t, <t<T 33)
p L v 0
I’tode:k(L—n) (tZT)
. v
0 (t<T)
mat, (n,t) = _[;der:k(t—%j (T<t<ty+T)
oo
= v av pdt
[Tkt odr g [T kg X KN KETETE T g LTy
- Ted Y d

And finally, for the labeled region (nz, n2) of the gene, we find:

73



tot, (n,,n,,t) = Lﬁtotp (n,t)dn

nzLOdn:O (RLLJ
v
(Ln, —tv)z L n,L
I 0dn + _[ (t—fjdn_i (nl—skz—]
2v \% 2
L’k -
I k(t—fjd - (n1+n2)7(nl nZ)_th(nl—nz) (nZ—L£t<T+E]
il 2v Vv Vv
L dn
n VAV a-dt
=1 Lk(t—fj j (f ——u)dn
vt-L d L L
L Wyl (T+n1—£t<T+n2—]
kveve®lev -e v v v
R L el )
_K( ) kv k(L+Ln, ) , | k(L L) 2
2v 2 d v d
w L Lo
K Lk kevere® kveve—m{ev_ev]l_“ Ln,) k(Ln,-L
J.HZL(7+L7_ ereret i _ Lk(Ln -Ln,) k(Ln,-Ln,) Tk,
nbd v d d v d v
nas,(ni,nz,t)=J‘:LLnasp(n,t)dn
fan-o (<)
L v
2
I"zLOdmj“k[t_ﬂ)dn:M (LLSK%j
v nt v 2v \ v
e Lk -
I Lk(t—%dn:w—m(nﬁnz) (nZ—LSKT
b v 2v v
n - L2k(-n?+2 2_2
IZLk(L n)dn: (-n? +2n,+n, —2n,) (T<)
nL % 2v
mat, (n,,n,,t) :J‘:LLmatp (n,t)dn
" odn=0 (t<T)
k(n, —n,)(L -
(e EJan - HO20Eo0) (rererat)
nL v v
Ld dn
n Vv adt (34)
[ t-%Jan+ j“(5 kn_kerere T,
Y d L n,L
= W [T (T+n—<t<T+ ]
L k(L+Ln -tv) k(L-tv)’ L’kn? kveveim[“*e ] ! !
:k(t—fj(L+an—tv)— (L+ nl—v)+ (Lot Lkny + >
v d 2v 2v d
W (o
K kn kevere® *kn?  Lkn? k(Ln -L kvevem[ev4v]
anL(i kn keveve )dn:L n’ Lkn? k(Ln - nz)+ 2 T+%gt
nid v d 2v 2v d d v

Fig. S12 compares the relative success of the two model variants, namely with and without
co-transcriptional degradation, in predicting mRNA kinetics following gene induction;
specifically, the difference between mMRNA signals at two regions of the same gene. It is
seen that the model lacking co-transcriptional degradation does a poor job of fitting the

experimental data.
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3.4 A model with infinite-speed MRNA degradation

Another variation we have tested for the model of SM section 3.1 is one where, upon
initiation of MRNA degradation, the transcript is degraded instantaneously, rather than
gradually with speed v. At steady state, the total mMRNA signal consists of transcripts that
initiated from —oo to —to, which have not been degraded. Similarly, the nascent mRNA
signal consists of transcripts that initiated from —T to —to, which have not been degraded,
and the mature mRNA signal consists of transcripts that initiated from —oo to —T, which

have not been degraded. We thus write:

dn

ke Vv
d

tot, (n):J'__;0 ke?dr =

k(e v —1}
nasp(n):J‘__Tto ke“dr=————— 2 (35)

mat, (n) = J'_: ke'dr = ke v

Using the same reasoning as in SM section 3.1, we can derive the kinetics of the total,
nascent and mature mRNA signals corresponding to position n on the gene, at time t

following promoter induction:
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0
tot, (n,t) = k{e
j:” ke"dz =
0
k{e
nas, (n,t)= J':” ke¥"dr =
{
J‘ito ke¥dr =—
-7
0
mat, (n,t) = k[e
J:T ke¥dr =

(t<ty)

dn
L

e—dt
—j (t, <t<T)(36)

d
L4 dn
e vV —e VJ
(t=T)

d

And finally, for the labeled region (n1, n2) of the gene, we find:
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Fig. S12 compares the relative success of the two model variants, namely with finite and
infinite degradation speed, in predicting mRNA Kkinetics following gene induction;
specifically, the difference between mMRNA signals at two regions of the same gene. It is
seen that the model with infinite degradation speed does a poor job of fitting the

experimental data.
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3.5 Stochastic version

3.5.1 Description of the model

To describe our single-cell data (Fig. 2F and 2G), we formulate a stochastic version of the
model for mMRNA kinetics. In addition to the features described in SM section 3.1 above,
the stochastic model includes promoter switching between “on” and “off” states, with
probabilistic rates kon and kofr. Stochastic two-state kinetics has been successfully used to
describe mRNA kinetics and copy-number statistics in numerous studies (Sanchez and
Golding 2013) and is also consistent with the exponential distributions of our “on” and
“off” periods seen in our time-lapse movies (Fig. 2E). In formulating and solving the model,

we follow the approach in (Xu, Skinner et al. 2016).

3.5.2 Total mRNA

3.5.2.1 The contribution function. Because of the finite speeds of mMRNA elongation and

degradation, mRNA levels are continuous rather than discrete. Following (Xu, Skinner et
al. 2016), we define the contribution function g(t) as the signal of a single mMRNA initiated
at time t (t < 0). If we are using smFISH probes to label the full gene, and full-length

nascent MRNA gives a signal of 1, then g(t) is given by

—t
9O == (38)

If we are using smFISH probes to label only part of the full gene, we use t> and t3 (to, t3 >
0) to denote the time it takes to transcribe the region of the gene after and before the labeled

region, respectively. In that case, g(t) is given by
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1 ~T <t<—(T-t,)

t+t
y=d———— 3
9t T-t,-t,

0 -t,<t<0

~(T-t,)<t<-t, (39)

3.5.2.2 The chemical master equation. We begin with the simplest case, where the whole

gene is labeled by smFISH probes (t2, t3 = 0). First, we need to write the Chemical Master
Equations (CME) that describe the time evolution of the probability Pim of the promoter
being in state i (1 = off, 2 = on) and the number of mMRNA being m. This CME takes the

form:

dP,
- = _konplm + koff I:)2 m
dt ' ’
dP 0 (40)
20 = konplm _koff I:)Zm _kini PZm -P tekdt -| P rkdekdtdr
dt ' ' ’ 2,m+? t 2,m+?

The first two terms of both equations represent the transition between promoter states
without any change in mRNA number. The third term in the second equation corresponds
to the initiation events, as follows. The first term inside the brackets represents the decrease
of Pom at t = 0, due to transcription initiation events happening at state (2, m) at time t (t <
0), i.e., the jump from (2, m) to (2, m + t/T). The second and third terms represent the
increase of Pom at t = 0 caused by transcription initiation events happening at a state
different from (2, m), i.e., jumps from (2, m + ©/T) to (2, m). Specifically, the non-
integration term represents mMRNASs that have not begun degradation at the observation
time, whereas the integration term represents mRNAs that have started degradation before

the observation time.

79



We next rewrite the CME above in matrix form:

[ K-T 0 0 0] 5
QAT K-T 0 P°
q2AD)T q(A)T K-T PA”‘
: q(ADT . 2am
P=QP=| q®)T : S : (41)
e“T  qT : Praw
0 gkt T q)T FF:l—g(t)+Am
0 0 ekdt-l- l—g(t‘)+2Am
Here,
o
PZ,O
S
P)=| | = [P} (42)
PZAm P
. 1,24Am
]
. t
K=[kko‘n’” _kIZ:J;T{g kﬂ;q(rhkdekd’- (43)

3.5.2.3 Solving the chemical master equation. To solve the infinite set of equations (41-

43), we use the method of Finite State Projection (FSP)(Munsky and Khammash 2008,
Neuert, Munsky et al. 2013). This involves truncating the transition matrix Q into a finite

matrix Q’ (see SM section 3.5.6). For the steady state solution, we use to, to denote the
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observation time point, and assume that the promoter was turned on at time top—o0. Without
loss of generality, we set the observation time top at 0. To calculate the distribution at the
observation time, we propagate from P(—«) (or a large enough number, ¢.g., —T—5/kq) to
P(0), using the transition matrix Q’, thus:

P(0) = (1+Q'At)...(1 + Q"At)(1 + Q'At) P(—0) (44)

oo (or a large number)

with 1 is the unit matrix, and At the time step. The initial state is given by

koff
Ko + Kot

IDo (_OO) kon
P(_OO) = 0 = kon + koff (45)

:

In the non-steady state case of promoter induction (“turn on”), we use top to denote the

observation time point, and assume that the promoter was turned on at time to, — t (t > 0).
Without loss of generality, we set the observation time to, at 0. To calculate the distribution
at the observation time, we propagate from P(—t) to P(0) using the transition matrix Q’
with the same initial state as above,

P(0) = (1 + Q'AY)...(I + Q"At)(1 + Q"At) P(~1) (46)

t/At

Once we calculate P(0), it is straightforward to calculate the distribution of mMRNA number

P(m) using equation (42).
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In the case of steady-state with non-zero t, and tz, propagation from P(—o0) is be done in
three steps: (1) From —oo (or a very large number) to — (T — t2), with the transition matrix
Q’ where g(t) = 1. (2) From — (T — t2) to —t3, using the transition matrix Q’. (3) From —ts

to 0, using a different transition matrix R (truncated to a finite R”):

R =

K
0
0 (47)

o X ©
X o o

For non-steady state with non-zero t2> and t3, we apply a similar propagation as in the steady
state case above, with the following changes: If t > (T — t2), the propagation is the same as
above, except that step (1) is from —tto — (T —t2). If t3 <t < (T —t2), step (1) is skipped and
step (2) needs to be from —t to —t3. If 0 <t < t3, both steps (1) and (2) are skipped, and step

(3) is from —t to O.

3.5.3 Nascent mRNA

The calculation in section follows (Xu, Skinner et al. 2016). As in the ODE model, we
begin by noting that nascent mMRNA molecules at any given observation time to, come from
initiation events that happened in the time window ton —T t0 ton (T is the time to transcribe

the full gene). With no loss of generality, we set to, to 0.

At steady state, in the simplest case where the gene is fully labeled (t2 = t3 = 0), the chemical
master equations are the same as above (equation (41)), and P(0) is obtained by time-
propagating from —T to 0. With non-zero t, and ts, propagation is done in three steps: (1)

From —T to — (T — t2), with the transition matrix Q’ where g(t) = 1. (2) From — (T — t2) to
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—ts, using the transition matrix Q’. (3) From —t3 to 0, using a different transition matrix R

(truncated to a finite R’).

In the non-steady state case of promoter induction (“turn on”), with t> and t3 being 0, we
set the observation time to top = 0 and assume that the promoter was “turned on” at time —t
(t>0). If -t <—T, nascent mRNA already reached steady state level at to, = 0. If —T <,
nascent mMRNA has not reached steady state at top = 0. In that case, we time-propagate from

P(-t) to P(0) to calculate the nascent mRNA distribution.

For non-steady state with non-zero t2 and t3, we apply a similar propagation as in the steady
state case above, with the following changes: If (T —t2) <t <T, the propagation is the same
as above except that step (1) is from —tto — (T — t2). If t3 <t < (T — t2), step (1) is skipped
and step (2) is from —t to —t3. If 0 <t <t3, then both steps (1) and (2) are skipped, and step

(3) is from —t to O.

3.5.4 Mature mRNA

The chemical master equation is same as above (equation (41)), and solved similarly (SM

section 3.5.2).

For the steady-state case with t> and t3 being 0, the P(0) is obtained by time-propagating

from —oo (or a large number) to —T.

For the non-steady state case with t; and t3 being 0, we set the observation time top = 0 and

the promoter was “turned on” in the past at —t (t > 0). If -t <—T, We time-propagate from
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P(=T) to P(0) to calculate the nascent mMRNA distribution. If —T < —t, We time-propagate

from P(—t) to P(0) to calculate the nascent mRNA distribution.

For the steady-state cases with non-zero t; and ts, the propagation will be done from —oo

(or a large number) to —T, with g(t) = 1.

For the non-steady state cases with non-zero t; and ts: If —t <—T, We time-propagate from
P(-T) to P(0) to calculate the nascent mRNA distribution, with g(t) = 1. If -T < —t, We
time-propagate from P(—t) to P(0) to calculate the nascent mRNA distribution, with g(t) =

1.

3.5.5 A revised model with mature mRNA retention

To form a stochastic version of the mRNA retention model (SM section 3.2), we assume
that each mMRNA molecule undergoes a one-time decision upon its completion, whether to
stay at the gene (with probability pr) or leave it. Adding this feature does not affect the
calculation for the distribution of total MRNA, Pit(m). As for the resident mRNAs (true
nascent plus retained mature mMRNAS), it is obtained as follows: (1) We first calculate the
contribution from the retained mature mRNAs by time-propagating from —oo to —T using
the CME. We need to reset the kix to prkix because only a fraction of the initiated mMRNAS
will be retained. (2) We then calculate the resident mRNAs by time propagating the

resulting distribution of (1) from —T to 0.

3.5.6 Fitting procedure

To estimate the parameters corresponding to the measured distributions of nascent and total

MRNA, we first constructed a library of predicted mMRNA distribution under a broad range
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of possible parameters, {Kon, Koft, kini}. Specifically, we scanned kon and kot from 107 to
102 mint, with a log-interval of 10%2° min, and scanned kini from 0to 120 min, with a
linear interval of 5 min. The values of other parameters in the model, namely the
elongation speed v, the rate of degradation kg, and the time delay dl , were imposed from
the ODE fitting procedure (SM section 3.1). Fitting the glycerol data involved fitting an
additional parameter, the retention probability, pr, which was scanned between 0 and 0.6

with an interval of 0.1.

For each parameter combination, we used the FSP method (Munsky and Khammash 2008,
Neuert, Munsky et al. 2013) to calculate both the steady-state distributions and the time-
dependent ones following promoter induction. As part of the FSP procedure, all of the
corresponding matrices (Equations (41)) need to be truncated. The truncation size was
determined based on the measured mRNA values under conditions of full induction.
Specifically, for glucose data we truncated the total mRNA distribution at m = 100 and the
nascent MRNA at m = 70. For glycerol data, we truncated both total and nascent mRNA at

m = 30 (Figs. 2F and 2G, figs. S15, S16, S17).

The theoretical distributions calculated from our model correspond to the expected mRNA
levels at a single gene copy. Thus, the experimental data to which we compare the data
should also represent single-gene level. In the case of glycerol (30° C, generation time =
150 min), cell-cycle parameters were such it was feasible to include only single-gene-copy

cells in the analysis (see SM section 2.5.3 and fig. S16).
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In the case of glucose (37°C, generation time = 50 min), only a small fraction of the cells
had a single copy of the gene of interest. Therefore, instead of gating for cells of a given
gene copy number, we followed the approach of (Sepulveda, Xu et al. 2016) and fitted the
experimental total mMRNA distribution (from all cells in the 5-95 percentile) to a model for

a mixed copy-number population:

I:)tot,mix (m) = (1_ OL) Ptot (m) + OL(I:)tot (m) * Ptot (m)) (48)

where Piwot(m) is the single-copy prediction, and « is fraction of two-copy cells in the
population (used as a fitting parameter). Note that this expression is valid only if individual
gene copies are uncorrelated, an assumption supported by our data (Fig. 3B). Another
feature, added to improve the fitting of the glucose data, is the presence of a small fraction
of gene copies, fo, which are always inactive. This “zero spike” has been observed
previously in single-cell MRNA measurements (Chong, Chen et al. 2014). In our glucose
data, the fraction of inactive gene copies is estimated to be ~ 20% (Fig. 2F and fig. S15).

Glycerol data did not exhibit this feature (Fig. 2G and fig. S16).

Finally, to compare our calculated copy-number distributions to experimental data and
obtain the best-fit parameter values, we use maximum likelihood estimation (Neuert,
Munsky et al. 2013). Briefly, for a given parameter set (K = {Kon, Koff, Kini, Prelease} for
glycerol, K = {Kon, Koff, Kini, o, a.} for glucose), we can write the probability of observing n
nascent mMRNAS per gene copy, Pnas(n|K), and similarly the probability of observing m total
MRNAs per cell, Pwot(m|K). The likelihood of K for a set of observations n = {nz, na, ...

nn}, m={my, my, ... mm} is then defined as:
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LK) =] [P KO, (m [K) (49

In the case of time-dependent data, a single set of parameters is used to describe the total

and nascent copy-number distributions at all time points.
Maximizing the log-likelihood yields the best-fit parameter set:

K... =arg max(L(K))

best

arglinaX(zlog(Pnas (ni | K) Ptot(mi | K))) (50)

i=1

argmax(3" 3 10(Poy (1., | K)Ryy (M, | K)))

=1 i=1

To estimate the error in the estimated parameters, we calculated the lower and upper bound

of the set of parameters that gave the 0.2% highest likelihood.
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Figure S1. Perturbation by the FROS system.

(A) Live cell images of the FROS system labeling different genomic locations. The number of foci per cell
follows the expected trend with the distance from the replication origin. Cells were grown at 30°C in LB. (B)
A comparison between the theoretically predicted lac locus copy number (Bremer and Churchward 1977,
Park, Neidhardt et al. 1987) and the measured values in live and fixed cells, at two growth conditions. (C) A
Comparison of the growth rate between FROS strain (LB and glycerol: MW821; glucose: MW838) and non-
FROS strain (LB and glycerol: MG1655; glucose: TK310), at three growth conditions. (D) A comparison of
the total lacZ mRNA number per cell between the FROS strain (glycerol: MW821; glucose: MW838) and

non-FROS strain (glycerol: MG1655; glucose TK310).
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Figure S2. Identifying active transcription (fixed cells).

(A) The distribution of RNA-to-gene distance for the Pr-24MS2bs reporter, placed at different genomic
locations. Cells (non-lysogen) were grown at 30°C in LB. (B) The distribution of RNA-to-gene distance for
wild-type Piac. Cells were grown at 30°C in LB with varying concentrations of IPTG. (C) Same as in (B),
except that cells were grown in glycerol, with varying concentrations of IPTG. (D) Same as in (B), except
that cells were grown in glucose, with varying concentrations of IPTG. (E) The distributions of RNA-to-gene
distance between lacZ mRNA and the lac (red) hyc (blue) loci. The green curve (“numerical control”) was

obtained by randomizing the positions of RNA signals in the cell and calculating the RNA-to-gene distance.
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Figure S3. Measuring RNA copy number using smFISH.

(A) The peak height distribution of recognized lacZ mRNA spots in an smFISH experiment. Cells were
grown at 30°C in LB, with varying concentrations of IPTG. The negative sample (bottom) does not contain
lacZ RNA. The threshold (dashed line) is determined by requiring that 99% of spots in the negative sample
(false-positives) are brighter than the threshold. In subsequent analysis, all spots weaker than the threshold
were discarded. (B) Identifying the intensity corresponding to a single RNA. Data is from the 10 uM IPTG
sample in panel A. After discarding the false-positive spots, the histogram of spot intensities was constructed.
The grey bar represents the data. The data (gray bars) was fitted to the sum of three Gaussians, where the
center of the second Gaussian is twice the center of the first Gaussian and the center of the third Gaussian is
three times the center of the first Gaussian. The center of the first Gaussian is used to estimate the intensity
corresponding to a single RNA molecule; in subsequent analysis, the one-RNA intensity is used to convert

the spot intensity into RNA number for each RNA signal.
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Figure S4. Identifying gene copies labeled using FROS.

The spot recognition results for FROS spots (lac locus). For each spot, the peak height is plotted against the
spot area. Comparing the positive sample (left) with the negative sample (expressing TetR-YFP but lacking
the tetO array, right) allows us to gate the “real” spots that correspond to the gene locus. All spots outside
the gated region are discarded in subsequent analysis. Within the true population (red dots), two sub-
populations of spots can be seen, with the peak height of the brighter population roughly twice that of the
dimmer one. This is consistent with the brighter population corresponding to unseparated sister copies

(Nielsen, Li et al. 2006, Nielsen, Youngren et al. 2007).
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Figure S5. False nascent correction.

(A) Fitting the distribution of RNA-to-gene distance to a sum of two Gaussians. The fit was used to estimate
the false-nascent fraction, i.e. the fraction of mature RNA falsely classified as nascent RNA, given by the
ratio of the pink shaded area to the whole area under the magenta curve. (B) A comparison of two different
ways of estimating the false-nascent fraction. See SM section 2.3.5 for details. (C) Correcting false-nascent
RNA (method (2) in SM section 2.3.5). The method begins with plotting the distribution of nascent and
mature RNA signal intensities (top) and ends with a relationship between the probability of being true nascent
(preat) and the RNA spot intensity (bottom). Two samples with different expression levels are shown. In the
low-expression sample, the pra hardly changes with the spot intensity, whereas in the high-expression
sample, preal increases with the spot intensity. (D) A comparison of two different ways of estimating the false-
nascent fraction. See SM section 2.3.5 for details. The corrected nascent lacZ mRNA numbers per cell, using

the two different methods, are plotted against each other, in linear scale (left) and log scale (right).
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Figure S6. Identifying active transcription (live cells).

(A) Following gene activity in live cells. The gene locus is detected through TetR-mCherry binding to the
nearby tetO array. The endogenous gene sequence after the promoter was replaced by an array of MS2
binding sites (MS2bs). The transcripts were detected by MS2-GFP binding. (B) The distribution of RNA-to-
gene distance, for Pr-24MS2bs. A distinct population of gene-proximal RNA exists in the high-expression
sample (non-lysogens), but not in the low-expression one (lysogens). Cells were grown at 30°C in LB. (C)
The probability of gene copies being active (pon) decreases following rifampicin treatment. Cells were grown

at 37°Cin LB.
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Figure S7. Additional measurements of nascent RNA and pon (fixed cells).

(A) ponand nascent lacZ mRNA number per cell for wild-type Piac. Cells were grown at 30°C in glycerol,

with varying concentrations of IPTG. (B) Same as in panel A, except that cells were grown in LB with

varying concentrations of IPTG. (C) ponand nascent lacl mRNA number per cell for Piaci. Cells were grown

at 30°C in LB. (D) pon for Pr-24MS2bs (lac locus, non-lysogen). Cells were grown at 30°C in LB.
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Additional measurements of pon in live cells, for Pg (in LB, 37°C) and P4 (in glucose, 37°C).
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Figure S9. A model without mature RNA retention fails to reproduce RNA Kinetics in glycerol.

The kinetics of total, nascent and mature lacZ mRNA per cell following the addition of 100 uM IPTG at t =
0 s to cells grown at 30°C in glycerol. Markers, smFISH measurements of the 5’ (red) and 3’ (blue) regions

of the gene. Lines, fit to the model of RNA kinetics without mature RNA retention.
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Figure S10. Estimating RNA elongation speed using total mMRNA only and comparison with
the literature.

(A) The kinetics of total lacZ mRNA per cell (5” and 3’ regions) during an induction experiment. The bottom
plot is a zoomed-in version of the top plot. The time delay between the appearance of the 5’ and 3’ signals
provides an estimate of the RNA elongation speed. Cells were grown at 37°C in glucose, and 1mM IPTG
was added att = 0 s. (B) Same as panel A, except that cells were grown at 30°C in glycerol, and 100uM IPTG
was added att =0 s. (C) A comparison of reported RNA elongation speeds from the literature and the values

measrued in this study.
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Figure S11. Estimating RNA degradation rate using total mRNA only and comparison with
the literature.

(A) The kinetics of total lacZ mRNA per cell (normalized to the first time point) following rifampicin
treatment. Fitting the data to an exponential decay yields the RNA lifetime (the reciprocal of the exponent).
Cells were grown at 37°C in glucose, supplemented with 1 mM IPTG and 1 mM cAMP. Rifampicin was
added to a final concentration of 500 pg/ml at att = 0s. (B) Same as in panel A, except that cells were grown
at 30°C in glycerol with 100 uM IPTG. (C) A comparison of reported RNA degradation rates from the

literature and the values measrued in this study.
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Figure S12. Testing alternative models of RNA degradation.

Plotted is the difference in signal between the 5° and 3’ regions of (total) lacZ mRNA during induction in
glucose. The experimental data (black markers) is fitted to three different versions of the theoretical model:
Top, the original model, where nascent RNA is degraded, and the degradation speed is equal to the RNA
elongation speed. Middle, an alternative model where RNA is only degraded after its completion (i.e. no co-
transcriptional degradation). Right, a second alternative model where the speed of degradation is infinite (i.e.,
once degradation is initiated, RNA is degraded immediately). It is seen that only the original model (left)

successfully reproduces the experimental data.
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Figure S13. RNA elongation speed depends on the expression level.

(A) The measured nascent-to-total ratio for lacZ mRNA, plotted against the total lacZ mRNA number per
cell. Dashed line, the theoretical expectation for the case that RNA elongation speed does not depend on the
expression level. Red line, linear fit of the experimental data. Cells were grown at 37°C in glucose with
varying levels of IPTG and cAMP. (B) The RNA elongation speed as a function of lacZ expression, estimated

from the data in panel A using the theoretical model for RNA kinetics. Red line, a linear fit.
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Figure S14. Evidence for mature RNA retention.

(A) A comparison of the measured total lacZ RNA numbers per cell, at different expression levels, between
direct fixation (mixing the fixative and cell culture directly) and slow fixation (harvesting cells with
centrifugation, washing with 1xPBS, and adding the fixative). Cells were grown at 30°C in glycerol
supplemented with varying concentrations of IPTG. (B) (Top) the peak heights of individual 5’-region and
3’-region lacZ RNA signals versus the RNA-to-gene distance. 5’ enrichment is not seen. An overlapping st
of smFISH probes (bottom) is used as a control. Cells were grown at 30°C in glycerol with 100 uM IPTG.
(C) The same as in panel B, except that slow fixation was used. In this case, 5’ enrichment can be seen,
indicating the presence of partial (actively transcribed) RNA in the gene-proximal population. (D) A
comparison of the measured nascent-to-total ratio for lacZ mRNA between direct and slow fixation. Data
obtained using slow fixation agrees with the theoretical prediction (dashed line), whereas direct fixation

yields higher-than-expected values, consistent with mature RNA retention. Cells were grown at 30°C in
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glycerol supplemented with varying concentrations of IPTG. (E) The kinetics of the total, nascent and mature
lacZ mRNA per cell, following rifampicin treatment. Data (markers) was fitted to a model (lines) where RNA
retention stops after the addition of rifampicin. Cells were grown at 30°C in glycerol with 100uM IPTG.
Rifampicin was added att = 0 s. (F) The fraction of for Pj.c-48MS2bs containing RNA (pon) before and after
centrifugation of live cells (5min, 4500g). The glycerol sample (37°C, with ImM IPTG) shows a decrease in
pon following centrifugation, whereas LB (30°C, with 1mM IPTG) cells showed no such decrease, both

consistent with the trend observed in fixed cells.
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Figure S15. Fitting RNA distributions to the stochastic model (induction experiment, glucose).

The complete version of Fig. 2F. The distribution of total (A) and nascent (B) lacZ mRNA number per cell,

at different times following induction. Grey bars, experimental data. Solid lines, fits to the stochastic model.
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Figure S16. Fitting RNA distributions to the stochastic model (induction experiment, glycerol).

The complete version of Fig. 2G. The distribution of total (A) and nascent (B) lacZ mRNA number per cell,

at different times following induction. Grey bars, experimental data. Solid lines, fits to the stochastic model.
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Figure S17. Fitting RNA distributions to the stochastic model (steady-state, glucose).

The distribution of total (A) and nascent (B) lacZ mRNA number per cell, at different expression levels. Grey

bars are data. Grey bars, experimental data. Solid lines, fits to the stochastic model. The estimated kinetic

parameters were plotted in Fig. 2H.
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Figure S18. Estimated kinetic parameters obtained from fitting the stochastic model.

Related to Fig. 2H. The extracted rate of Pjac switching to the active state (kon) and the transcriptional burst

size (b), as a function of total lacZ MRNA number per cell, for cells grown in LB and glycerol. Black lines

are linear fits.
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Figure S19. The distributions of gene ON and OFF durations.
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Related to Fig. 2E. The distribution of “ON” and “OFF” durations for individual copies of Pjac and Pr at

different genomic locations and under different growth conditions. Markers represent experimental data.

Solid lines represent fit to an exponent, allowing an estimate of the probabilistic rates of promoter switching.
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Figure S20. The probabilistic rates of promoter switching in live cells.

Estimated probabilistic rates of promoter switching as a function of pon. Data is from Pjac-48MS2bs (various

expression level, LB under 30°C, glucose under 37°C, glycerol under 37°C) and Pr-48MS2bs (LB under

30°C, glycerol under 37°C, non-lysogen and lysogen). Markers, data. Lines, linear fit.
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Figure S21. Gating one-copy and two-copy cells.

The copy number of the lac locus as a function of the cell length. Data is from cells grown at 30°C in glycerol
with 10 puM IPTG. The raw data (gray markers) was binned (black markers) and fitted to a Hill function
(black line), whose transition point corresponds to the estimate cell-cycle stage of gene replication. One- and

two-copy cells were gated using the plotted data, as described in SM section 2.5.3.
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Figure S22. The correlation between nascent RNA levels of two gene copies.

(A) The nascent lacZ RNA number of two copies plotted against each other. Left, cells grown in glycerol
with 100 uM IPTG under 30°C. Right, cells grown in glucose with 1 mM cAMP and 1 mM IPTG under

37°C. (B) Same as in panel A, plotted as a heatmap representing the counts in eahc bin.
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Figure S23. Different copies of P, are not correlated in LB.

(Top row) The distribution of number of active Piac copies, in cells having two copies of the gene. Grey, data.

Black line, fit to a binomial distribution. Cells were grown at 30°C in LB. (Bottom row) Same as the top row,

for cells having four copies of the gene. The fitting function in this case is Pr(X = k) = (Z)p"(l —p)vk,
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Figure S24. No correlation is observed between gene copies in different cells.

(Top row) The distribution of number of active Pi5c copies, in cells having two copies of the gene. Grey bar,

data. Black lines, fit to a binomial distribution. Cells were grown at 30°C in glycerol with varying

concentrations of IPTG. (Bottom row) The same measurement, performed on pairs of copies randomly

chosen from different cells (same dataset as top row). Grey bar, data. Black lines, fit to a binomial

distribution.
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Figure S25. Gene-copy correlation does not depend on the distance between the two copies or

cell length.

(A) Cells were separated into two groups based on the spatial distance between the two gene copies. The
correlation in Piac activity is similar between two groups. Cells were grown at 30°C in glycerol with varying
concentrations of IPTG. (B) Cells with two gene copies were separated into three groups based on the cell

length (1.75-2.25, 2.25-2.75, 2.75-3.25um). No obvious trend is seen for the calculated correlation in P

activity for the different groups.
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Figure S26. Different copies of Pr are correlated in glycerol.

The distribution of number of active Pg copies, in cells having two copies of the gene. Grey bar, data. Black

line, fit to a binomial distribution. Cells (hon-lysogen) were grown at 30°C in glycerol (left) or LB (right).
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Figure S27. The dependence of nascent RNA noise on the expression level.

The levels of nascent lacZ mMRNA from two Pisc copies in the same cell was used to calculate the total,
extrinsic, and intrinsic noise levels, as defnied in SM section 2.6.1. It is seen that, in glycerol, the extrinsic
noise is a significant part of the total noise. In glucose, in contrast, noise is dominated by the intrinsic

componemt.
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Figure S28. The dependence of gene-copy correlation on genomic locus and growth rate.

The correlation between different gene copies in the same cell for wild-type P4 at different grow rates, Pjac-
24MS2bs construct and Pr-24MS2bs constructs at different genomic locations (ori, lac, hyc, ter) and different

growth rates.
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Figure S29. The transcriptional activity of Pr is constant through the cell cycle.

(Top) Related to Fig. 4B. Nascent RNA per cell from Pr promoter placed at different genomic locations, as
a function of the cell length. Lines are fit to the sum of two Hill functions. Numbers (1%, 2", 3') indicate the
corresponding round of genome replication. Cells (non-lysogen) were grown at 30°C in LB. (Bottom) Related
to Fig. 4A. Same dataset as the top panel. The intensity of individual TetR-YFP foci, as a function of the cell

length. The lines are fit to a sum of two Gaussians, with the peaks corresponding to the event of gene

replication.
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Figure S30. Piac exhibits coupling between transcription and gene replication at multiple
genomic loci.

(Top) Related to Fig. 4C. Nascent RNA per cell from P, promoter placed at different genomic locations, as
a function of the cell length. Grey arrows indicate the gene replication effect. Cells were grown at 30°C in
LB with 10 uM IPTG. (Bottom) Related to Fig. 4D. Same dataset as the top panel. The intensity of individual
TetR-YFP foci, as a function of the cell length. Peaks correspond to gene replication, with numbers (1%, 2",

3 indicating the corresponding round of genome replication
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Figure S31. The coupling between transcription and gene replication is not an artifact of the

FROS system.

The distribution of cell lengths for all cells (black), cells in which lacZ mRNA was present (red), and the
same number of randomly-picked cells (blue), under conditions of Plac repression (30°C, glycerol, no IPTG).
A strain containing the FROS gene detection system (MW821) and the wild type strain (MG1655) both show
an enrichment for lacZ expression at a cell length that is close to the estimated length where gene replication

occurs (gray arrows, estimated from the cohesion plots, as in Figs. 4A and 4C).
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Figure S32. lacY mRNA is located towards the cell membrane.

The distribution of the spatial position, along the short axis of the cell (see inset), for total and nascent lacZ

and lacY mRNA. Cells were grown at 30°C in LB with ImM IPTG.
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Figure S33. Active gene copies tend to be closer to the cell periphery.

(A) The position of Pioc along the short axis of the cell, for inactive and active gene copies (further separated
into low, medium and high, based on the nascent RNA amount). (B) Similar to panel A, except that the long
axis position is plotted. Cells were grown at 30°C in glycerol with 100 uM IPTG. (C) One proposed scenario
to reconcile the coupling of transcription and translation with the spatial separation of genome and ribosomes

in bacterial cells. Adapted from (Campos and Jacobs-Wagner 2013).
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Table S1. Bacterial strains used in this study.

Strain Relevant genotype or description Plasmid carried Measurement  Reference
performed or source
MG1655  Wild-type Lab stock
DH5a Cloning strain Lab stock
DH5a pir* derivative of DH5a Christophe
(pir*) Herman
HME45 Recombineering strain Yuetal.,
2000
HMEA45 pir* derivative of HME45 Christophe
(pir?) Herman
CH127 DH5a (pir?) pKG137 (KanR) Christophe
Herman
TK310 AcyaA AlacY AcpdA Kuhlman
et al., 2007
BW14894 AlaclzYA Yakovleva
etal, 1998
MW804 MG1655 pJZ133 (SpcR) This work
MW813 BW14894 pJZ133 (SpcR) This work
DB1718 MG1655 mhpA::140tetO (GenR) Joshi et al.,
2011
DB1738 MG1655 mhpA::140tetO (GenR) pDM21 (CmR) Joshi et al.,
2011
MW838  TK310 mhpA::140tetO (GenR) pJZ133 (Spck) lacZ mRNA, This work
lac locus
MW849 TK310 AhycE::140tetO (GenR, pJZ133 (Spck) lacZ mRNA, This work
KanR) hyc locus
Mwa821 MG1655 mhpA::140tetO (GenR) pJZ133 (Spck) lacZ MRNA, This work
lac locus
JZ349 MG1655 mhpA::140tetO (GenR), pJzZ152 (Spck) Plac-48MS2bs
AlacZYA::48MS2bs (CmR) RNA tagged by  This work
MS2-GFP,
lac locus
JZ355 TK310 mhpA::140tetO (GenR), pJZ152 (SpcR) Plac-48MS2bs
AlacZYA::48MS2bs (CmR) RNA tagged by  This work
MS2-GFP,
lac locus
JZ412 MG1655 mhpA::140tetO (GenR), pJZ133 (SpcR) Plac-24MS2bs  This work
AlacZYA::24MS2bs (CmR) RNA,
lac locus
JZ568 BW14894 AtrkD::140tetO (GenR, pJZ133 (Spck) Plac-24MS2bs  This work
KanR), AaslAB::Pjac-24MS2bs (CmR) RNA,
ori region
JZ572 BW 14894 AmarA::140tetO (GenR, pJZ133 (Spck) Plac-24MS2bs  This work
KanR), AyneFGH::Pjoc-24MS2bs RNA,
(CmR) ter region
JZ596 BW14894 AhycE::140tetO pJZ133 (Spck) Plac-24MS2bs This work

(GenR, KanR),

A(ygbJ-ygbN)::Pjac-24MS2bs (CmF)

RNA,
hyc locus
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JZ634 MG1655 mhpA::140tetO (GenR), pJZ133 (Spck) Pr-24MS2bs This work
AlacZYA::Pr-24MS2bs (CmR) RNA,
lac locus
JZ536 BW14894 AhycE::140tetO pJZ133 (spcR) Pr-24MS2bs This work
(GenR, KanR), RNA,
A(yghJ-ygbN)::Pr-24MS2bs (CmR) hyc locus
JZ564 BW 14894 AtrkD::140tetO (GenR, pJZ133 (SpcR)  Pr-24MS2bs  This work
KanR), AaslAB::Pr-24MS2bs (CmR) RNA,
ori region
JZ534 BW 14894 AmarA::140tetO (GenR, pJZ133 (SpcR) Pr-24MS2bs This work
KanR), AyneFGH::Pr-24MS2bs RNA,
(CmFR) ter region
JZ620 BW14894 Awt mhpA::140tetO pJZ133 (SpcR) Pr-24MS2bs This work
(GenR), AlacZYA::Pr-24MS2bs RNA,
(CmR) lac locus
JZ628 BW14894 \wt AhycE::140tetO pJZ133 (SpcR) Pr-24MS2bs This work
(GenR, KanR), RNA,
A(yghJ-ygbN)::Pr-24MS2bs (CmR) hyc locus
JZ624 BW14894 hwr AtrkD::140tetO pJZ133 (SpcR) Pr-24MS2bs This work
(GenR, KanR), AaslAB::Pr-24MS2bs RNA,
(CmR) ori region
JZ616 BW 14894 Awr AmarA::140tetO pJZ133 (Spck) Pr-24MS2bs This work
(GenR, KanR), AyneFGH::Pg- RNA,
24MS2bs (CmR) ter region
JW5609-1 BW25113 AtrkD::FRT-KanR-FRT Baba et al.,
2006
JW2691-1 BW25113 AhycE::FRT-KanR-FRT Baba et al.,
2006
JW5249-1 BW25113 AmarA::FRT-KanR-FRT Baba et al.,
2006
JZ051 BW25113 AtrkD::140tetO (GenR, This work
KanR)
JZ052 BW25113 AmarA::140tetO This work
(GenR, KanR)
MW832 BW25113 AhycE::140tetO (GenR, This work
KanR)
JZ422 BW 14894 AtrkD::140tetO (GenR, pJZ133 (Spck) ori region This work
KanR)
JZ424 BW14894 AmarA::140tetO pJZ133 (Spck) ter region This work
(GenR, KanR)
JZ430 BW 14894 AhycE::140tetO (GenR, pJZ133 (SpcR) hyc locus This work

KanR)
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Table S2. Plasmids used in this study.

Plasmid Description Reference or
Source

pCP20 Flp recombinase expression (AmpR) Cherepanov et al.,
1995

pKG137 Carrying a single FRT site, R6K replication origin (Kan®) Ellermeier et al.,
2002

pLAU44 Carrying the 140tetO array (AmpR, GenR) Lau et al., 2003

pBH23 Carrying the 140tetO array (AmpR, GenR) David Bates

pJZ087 Carrying a single FRT site and the 140tetO array (KanR, GenF) This work

pKD3 Carrying the chloramphenicol resistance cassette (CmR) Datsenko et al.,
2000

pl1G-48bs 48 MS2bs under control of Pjoc (AmpR) This work

pBS48- 48 MS2bs under control of Pjac (CmR) This work

CmR

plG-24bs 24 MS2bs under control of Pjsc (AmpR) This work

pBS24- 24 MS2bs under control of Pjoc (CmR) This work

CmR

pJZ054 24 MS2bs under control of Pr (CmR) This work

pJZ063 24 MS2bs under control of Prw (CmR) This work

pLAUS53 Lacl-CFP and TetR-YFP both under control of Paras Lau et al., 2003

pDM21 TetR-YFP under control of Psa David Bates

pKG110 TetR-mCherry under control of Psa David Bates

plG-K133  MS2-GFP under control of P Golding et al.,
2004

pSR67.1 Carrying constitutive promoter Psi17 (SpcR) Schmidl et al.,
2014

pSR67.3 Carrying constitutive promoter Psi05 (SpcR) Schmidl et al.,
2014

pJZ133 TetR-YFP under control of Pjps117 (Spck) This work

pJZ102 TetR-mCherry under control of Pysi17 (SpcR) This work

pJZ107 MS2-GFP under control of Pjp3105 (Spc®) This work

pJZ152 TetR-mCherry under control of Pjs117 and MS2-GFP under control ~ This work

of Pyzs10s, tetR-mCherry is upstream of ms2-gfp (SpcF)
pJZ156 TetR-mCherry under control of Pjs117 and MS2-GFP under control ~ This work
of Pya310s, tetR-mCherry is downstream of ms2-gfp (Spc®)
pJZ186 TetR-mCherry under control of Pj3117 and RBS BBa_0031, MS2- This work

GFP under control of Pjz3105, tetR-mCherry is downstream of ms2-
gfp (Spcf)
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Table S3. Primers used for plasmid cloning.

Primer Sequence (5°-3°)
Pr-short-FP aatgacatgtttcttttttgtgctcatacg
Pr-short-RP ccatgcggccgcacaacctccttagtacatge

PRM-short-FP

aatgacatgtacaacctccttagtacatgc

PRM-short-RP

ccatgcggccgcttcttttttgtgctcatacg

FRT-FROS-FP-H1

gcggtaatacggttatccacagaatcaggggataacgcaggaatccgtaatcatggtcat

FRT-FROS-RP-H2

cagtacaatctgctctgatgccgcatagttaagccageccgagtgatcgcattgaacatg

0C201-2

ggggcccggtacccaattcgecctatagtgagtcgtattacaatcatatgaatatcctecttag

0C202

gagtaaacttggtctgacagttaccaatgcttaatcagtgaggegtgtaggctggagetgcette

pSR67-GG-FP2

gcattacgtctccatggtacctttctcctctttaat

pPSR67-GG-RP3

gcattacgtctcgaccaggcatcaaataaaacga

MS2-GFP-GG-FP3

gcattacgtctcgecatggettctaactttactcagttc

MS2-GFP-GG-RP3

gcattacgtctcctggtatagttcatccatgecatgty

TetR-mCherry-GG-FP

gcattaggtctcgecatggtgtctagattagataaaagtaaag

TetR-mCherry-GG-RP

gcattaggtctcctggtcgecaaaacagcecaagctt

TetR-YFP-GG-FP

gcattaggtctcgecatggtgtctagattagataaaagtaaag

TetR-YFP-GG-RP

gcattaggtctcctggtcgecaaaacagcecaagctt

pSR67-GG-FP

gcattaggtctccatggtacctttctectctttaat

pSR67-GG-RP

gcattaggtctcgaccaggcatcaaataaaacga

pSR67-D-GG-FP

gcattacgtctccatggtacctataaacgcagaaagge

PSR67-D-GG-RP

gcattacgtctcgaccagaagggtaatctagaggeate

MS2-TetR-GG-FP2

gcattacgtctcgecatcagettggetttaccgtea

TetR-mCherry-GG-RP2

gcattacgtctcctggtcgccaaaacagecaagett

MS2-GFP-GG-RP3

gcattacgtctcctggtatagttcatccatgecatgtgy

P9

gagacgtctcaatggtgtctagattagataaaag

P11

gagacgtctcagaaggctgacaaaatctatactgt

129



Table S4. Primers used for MS2 reporter cassette recombineering.

Primer Sequence (5°-3’) Promoter, MS2 Genome
reporter cassette | position
laclPZ cgcccaatacgcaaaccge
lacH2-P1 gcagcgtatcaggcaatttttataatttaaactgacgtgta | Prac-48MS2bs- lac locus
ggctggagcetgettc CmR
lacH8-P2 ctacacaaatcagcgatttccatgttgccactcgctttaat
gatgatttctaattaattaatcgccaagctcgaaattaacce | Piac-24MS2bs- lac locus
tcac CmR
lacH6-P1 aagcgcagcgtatcaggcaatttttataatttaaactgacg
tgtaggctggagctgctte
lacH3-P2 ccgcgegttggecgattcattaatgcagcetggcacgaca
ggcggttcetggecttttget Pr-24MS2bs-CmR | lac locus
lacH2-P1 gcagcgtatcaggcaatttttataatttaaactgacgtgta
ggctggagctgcttc
yghJ-FP attcacaatatcaaacaaaatatcacttaaattaacaaggc
atgcatttacgttgacacc Pr-24MS2bs-CmR | hyc locus
ygbN-RP ccgatgcccatcggaccttittattaaggtcaaattacegg | Plac-24MS2bs-
tgtaggctggagctgctte CmR
ybhJ-FP gaatgcgacctacattcacatggcgctttttacatctgacc
atgcatttacgttgacacc Pr-24MS2bs-CmR | gal locus
ybhN-RP tgtaaccatatcgcaataagttatgtttttaaattgaggggt | Plac-24MS2bs-
gtaggctggagctgcttc CmR
asIB-RP-L | atttcgcccttaacgtattgaaggatgacttcaggcaagg
agcgaccatggtgtaggctggagcetgcettc Pr-24MS2bs-CmR | oriregion
aslA-FP-L | gcttaattacgtcatcattttgatgacatgaaaccggagea | Plac-24MS2bs-
ttttgcatgcatgcatttacgttgacacc CmR
yneH-FP-L | ctgatatactcgcaggtcttttcagacctgcggtccagga
gtagaaagtgcatgcatttacgttgacacc Pr-24MS2bs-CmR | ter region
yneF-RP-L | attcaaatcgcgcgtaatgaataaagatgtcagacaactt | Piac-24MS2bs-
cctcaccgtagtgtaggcetggagcetgcettc CmR
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Table S5. DNA oligos used for smFISH.

Transcript

Probe sequences (5’ to 3°)

Dye

lacZ

72 probes (So NG 2011)

TAMRA

lacl

CTGAATTGACTCTCTTCCGG
TTACTGGTTTCACATTCACC
CATACTCTGCGACATCGTAT
CGCGGGAAACGGTCTGATAA
TTTTCGCAGAAACGTGGCTG
CGCGGTTGGGAATGTAATTC
CCAATCAGCAACGACTGTTT
AGATTTAATCGCCGCGACAA
CTTCGTTCTACCATCGACAC
CGTTGCGCGAGAAGATTGTG
GATAGTTAATGATCAGCCCA
TAACGCCGGAACATTAGTGC
ATACTGTTGATGGGTGTCTG
TACCGTCTTCATGGGAGAAA
AATGCGACCAGATGCTCCAC
CTAACAGCGCGATTTGCTGG
GCGCCGAGACAGAACTTAAT
GAGATATTTATGCCAGCCAG
CGCTATCGGCTGAATTTGAT
TGAAAACCGGACATGGCACT
ATTCAGCATTTGCATGGTTT
ATCTGATCGTTGGCAACCAG
CACTACCGAGATATCCGCAC
TGTCTTCGGTATCGTCGTAT
GTTGACGGCGGGATATAACA
AGCAGGCGAAAATCCTGTTT
TGAGAGAGTTGCAGCAAGCG
AGACGGGCAACAGCTGATTG
AGGGTGGTTTTTCTTTTCAC
GAGAGGCGGTTTGCGTATTG
GCCAGCTGCATTAATGAATC
CTTTCCAGTCGGGAAACCTG

TAMRA

MS2 binding sites

ACATGGGTGATCCTCATGT

TAMRA
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Chapter 3.

Discussion
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In this chapter, I will first describe the significance of my work, in both the experimental
and theoretical aspects. | will then summarize the biological findings, relate the findings to
the literature, and talk about what further experiments or analysis can be done. Finally, |

will discuss additional future directions.

3.1 SIGNIFICANCE

3.1.1 Experimental techniques and modeling

In this study, | presented a method for simultaneously detecting RNA and its encoding gene
in individual E. coli cells. By doing so, | was able to distinguish RNA that is still being
transcribed (nascent), and that is already completed (mature). | was able to measure nascent

and mature RNA in individual E.coli cells, something that has never been done before.

Combining live-cell and fixed-cell technigues. Technically, to achieve the simultaneous

detection of RNA and its encoding gene, we applied both live-cell (MS2 system combined
with FROS) and fixed-cell (smFISH combined with FROS) methods. It is known that the
live-cell method and the fixed-cell method each have their limitations. The fixed-cell
method is less genetically perturbative and higher in throughput but loses temporal
information and might introduce spatial artifacts in the process of fixation. The live-cell
method can keep track of events in the cell (e.g., production and release of RNA, gene
replication, and cell division), but is more genetically perturbative and lower in throughput.
In this study, we used the fixed-cell method as our primary choice, while at the same time,

seeking support using the live-cell method as much as we could.
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Multiple promoters and multiple growth conditions. We examined different promoters (Piac,

Piact, Prm, Pr), at different expression levels, under three different growth conditions,
covering a broad range of cell doubling time (= 35 min, 50 min, 150 min). By doing so, we
seem to able to resolve some conflicts between previous studies where different growth
conditions were used (Llopis, Jackson et al. 2010, Nevo-Dinur, Nussbaum-Shochat et al.
2011, Moffitt, Pandey et al. 2016). By comparing our measurements at different growth
conditions, we found that a fraction of mature RNA is retained at the gene after completion

in one growth conditions (discussed later).

Novel measurements. The novel measurement of nascent and mature RNA in individual

cells is informative. In bacterial cells, it was previously not possible to distinguish between
nascent and mature RNA because of the absence of the nucleus. Previous measurements of
the statistics of whole-cell RNA informed us about the stochastic kinetics of transcription.
The whole-cell RNA statistics is limited in informing the stochastic kinetics of
transcription because it coarse grains multiple gene copies, whose number doubles during
the cell cycle. Additionally, whole-cell RNA measurements integrate the whole lifetime of
RNA. The novel measurements of nascent RNA presented above can inform us on the
stochastic kinetics of transcription at individual gene copies and can be compared with the
prediction of an RNA kinetic model in the most direct way, without the confounding factors,
e.g. multiple gene copies and RNA lifetime integration, obscuring the stochastic kinetics

of transcription at individual gene copies.

134



Modeling. Our novel measurements enable us to rigorously test a new theoretical model of
RNA kinetics. The presented theoretical model for RNA kinetics includes nascent RNA,
which is typically not treated as a separate species in previous models (Raj, Peskin et al.
2006, So, Ghosh et al. 2011, Sepulveda, Xu et al. 2016). We have both an ordinary
differential equation (ODE) and a stochastic version of the model. The ODE version only
predicts the mean behavior, while the stochastic model can predict the distribution of
nascent and total RNA numbers for a given set of kinetic parameters. We compared our
nascent measurements with both the ODE and the stochastic version of the model. Our
model can describe both the mean and the distribution of our measurements well, in both
steady-state and non-steady state. Even by today’s standard, such extensive comparison
between model and data is not typically seen, probably due to the scarceness of the single-

cell measurements and the laborious procedure for solving the stochastic model.

New estimates of kinetic parameters. Additionally, using the model, we were able to

estimate things that are impossible to measure directly, for example, the speed of RNA
polymerase. The speed of RNA polymerase in the cell is usually measured in an induction
experiment, i.e., the inducer is added to turn on the promoter and the production of the
RNA is followed (Epshtein and Nudler 2003). In our model, in the steady state, the speed
of RNA polymerase can be inferred from the measured nascent-total-ratio. Using this, we
observed the dependence of the speed of RNAP on the expression level, consistent with
previous studies (fig. S13) (Proshkin, Rahmouni et al. 2010). Moreover, we obtained the
relationship between the RNAP speed and the expression level, which is impossible to

obtain from the classical way of measuring RNAP speed. Such relationship between RNAP

135



speed and the expression level will help us better understand RNAP cooperativity

mechanistically.

Finding new biology. Because of our ability to measure RNA life cycle and test the model,

we found potentially new biology, for example, the spatial retention of the RNA molecules
upon completion. When the original theoretical model failed to describe the measurements
of the induction experiment (glycerol, doubling time ~ 150 min), we developed revised
models and compared model predictions with our measurements. The model with mature
RNA retention described the measurements well, and we found other supporting evidence
for mature RNA retention. In a word, such retention of mature RNA can only be found
after carefully comparing the experimental measurements and the prediction of the model,

while revising the model in a meaningful way iteratively.

3.1.2 Biological findings and open questions

3.1.2.1 RNA retention at the gene and its growth rate dependence

There have been three different views regarding the spatiotemporal life history of RNA:
(1) RNA is localized to the location of its encoded protein (Nevo-Dinur, Nussbaum-
Shochat et al. 2011); (2) RNA spends most of its lifetime at its site of transcription (Llopis,
Jackson et al. 2010); (3) Most RNA is distributed uniformly in the cell (Moffitt, Pandey et
al. 2016). We resolved this seeming conflict regarding the spatiotemporal life history of
RNA. When cells are growing relatively fast (LB: doubling time = 35 min, the condition
used in (Moffitt, Pandey et al. 2016); glucose: = 50 min), there are similar fractions of

nascent and mature RNA in the cell (both model prediction and our experimental
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measurements). Without knowing the place of the encoding gene, we would also draw the
conclusion that RNA spends a similar amount of time at its site of transcription and in the
cytoplasm as in (Moffitt, Pandey et al. 2016). However, when cells are growing slowly
(glycerol: doubling time =~ 150 min, condition used in (Llopis, Jackson et al. 2010)), we
found that about half of mature RNA will stay at the gene upon completion. This will lead
to 70-80% total RNA appearing at the gene, similar to what was seen in (Llopis, Jackson
et al. 2010). Our data suggest that the growth condition has an effect on the spatiotemporal
life history (or spatial distribution) of RNA. The observed mature RNA retention in slow
growth conditions (glycerol, doubling time ~ 150 min) is the key to resolve (Llopis,
Jackson et al. 2010) and (Moffitt, Pandey et al. 2016). It is worth mentioning that our data
does not contradict the claim that RNA is localized to the place of its protein product
(claimed in (Nevo-Dinur, Nussbaum-Shochat et al. 2011) and observed in (Moffitt, Pandey
et al. 2016) for RNA encoding an inner membranal protein). In our data of lacY (the gene
in the lac operon that encodes the lactose permease), we did observe a membranal

preference for lacY RNA (fig. S32).

Though the observed mature RNA retention is the key to resolving the seemingly
conflicting claims discussed above, the mechanism for mature RNA retention is unclear.
A recent study showed that the bacterial cytoplasm displays glass-like properties and can
be fluidized by cellular metabolism (Parry, Surovtsev et al. 2014). Such glassy behavior
affects the mobility of cytoplasmic components in a size-dependent fashion. It is possible
that in glycerol the retained mature RNA are those that are being bound by the ribosomes,

which makes the RNA less diffusive and therefore “retained”. A previous study showed
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that the RNA-bound ribosomes are indeed less diffusive than RNA-free ribosomes
(Sanamrad, Persson et al. 2014). This ribosome-caused-retention predicts a connection
between the translatability of RNA and its likelihood to be retained. A future experiment
will be to change the ribosome binding site (RBS) of RNA and see how this affects the
retention. In our data, when transcription initiation is inhibited using rifampicin, we found
that the mature RNA retention effect disappeared right away, but the retained RNA stayed
at the gene until fully degraded. This suggests that while mature RNA retention relies on
active transcription initiation, once the mature RNA is already retained, it does not depend
on active transcription initiation anymore to be retained. Also, it is interesting to examine
the degree of RNA retention in other growth media, where cells have an even slower

growth rate.

3.1.2.2 The observed effect of gene replication on transcription

We found that, in low-expression conditions, the transcription from Pac displayed a pulse
of activity near the time of its replication. This is what has been predicted previously
regarding gene replication-induced transcription (Guptasarma 1995). Below are three
possible mechanisms for this effect (Guptasarma 1995). (1) De-repression. When a
repressed gene replicates, the repressor will dissociate and de-repress the promoter. (2)
“Naked” new copy. After the gene replicates, there is a new copy of the gene. There might
not be enough repressor molecules in the cell to repress the new copy. (3) Supercoiling.
The gene replication machinery affects the supercoiling state along its way, and the change

of supercoiling affects transcription.
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In our data, the effect of gene replication decreases with increasing expression level, i.e.,
at high expression levels, the pulse of Piac transcriptional activity around the time of gene
replication was hardly seen. This is consistent with the hypotheses (1) and (2), but still
leaves hypothesis (3) open. One future experiment that can potentially distinguish
hypotheses (1) and (2) is by overexpressing the repressor in the cell. In hypothesis (1),
overexpressing the repressor should not have any effect on replication-induced
transcription; in hypothesis (2), overexpressing the repressor will significantly decrease the

replication-induced transcription.

DNA supercoiling refers to the over-winding (+) or under-winding (—) of the genome
(textbook). The E. coli genome exists in a (—) supercoiled state (Worcel and Burgi 1972).
The replication machinery needs to open two strands of DNA theoretically, generating (+)
supercoiling ahead (same direction as the gene replication) and leaving (—) supercoiling
behind (Postow, Crisona et al. 2001), until the arrival of the topoisomerases (enzymes that
over-wind or under-wind DNA). Such transient change of supercoiling state might affect
transcription of the replicating gene. One previous study in E. coli found a subset of genes
that are sensitive to the supercoiling change (Peter, Arsuaga et al. 2004). In (Peter, Arsuaga
et al. 2004), the authors measured the genome-wide transcriptional response following
genetic impairment of topoisomerase or addition of topoisomerase inhibitors, and found
~300 genes (7% of the genome) that displayed reproducible increased or decreased activity.
To test the hypothesis (3) above, we can examine the activity of a number of supercoiling-
sensitive genes to see how their transcriptional activity changes around the time of gene

replication. Note that hypotheses (1), (2) and (3) are not mutually exclusive and it is
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possible that the replication-induced transcription is caused by more than one mechanism

(de-repression, “naked” new copy, supercoiling, etc.).

It is worth mentioning that transcription can also create (+) supercoiling ahead and leave
(—) supercoiling behind. This is often referred as the “twin-domain” effect (Liu and Wang
1987). The supercoiling generated by transcription might affect the transcription of the
neighboring genes (Ebisuya, Yamamoto et al. 2008). Our data of lacl (believed to be non-
regulated) is consistent with this picture. When we examined the Piac transcriptional
activity from fully-repressed to fully-induced, the lacl RNA level increased three-fold. It
is possible that the increase is caused by the negative supercoiling generated downstream

by the highly transcribed Piac.

3.1.2.3 Correlation between different gene copies in the same cell

When examining the activities of multiple gene copies in the same cell, we unexpectedly
found that multiple copies of the same gene exhibit correlated activity when the cells are
grown in glycerol (doubling time = 150 min). This unexpected correlation breaks the usual
assumption of independent transcription by multiple gene copies in bacterial cells (Jones,
Brewster et al. 2014, Sepulveda, Xu et al. 2016). It is possible that the observed correlation
is generated by an upstream regulator whose concentration fluctuates in time. We have
been developing a three-state theoretical model to describe the correlation data at different
expression levels. In the three-state model, there exists two cellular states, “ON” and “OFF”
(corresponding to fluctuating upstream regulator). Only in the “ON” state can the multiple

gene copies become active. This fluctuating regulator, if exits, seems to be not Piac-specific,
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because Pr (a promoter from phage lambda), when constructed in the E. coli chromosome,
also displayed correlation in glycerol (fig. S26). Also, it is interesting to examine other

promoters to see if the correlation exists too and how common the correlation is.

Another possibility for the observed correlation is that the chromosome environment and
dynamics might be similar between alleles. A recent study in E. coli showed that the
genome position has an effect of the expression level (Bryant, Sellars et al. 2014).
Additionally, people in the field of synthetic biology started to consider the effect of
compositional context (e.g., orientation, genetic elements nearby) when building synthetic
genetic circuits (Yeung, Dy et al. 2017). Researchers have speculated that the supercoiling

dynamics is the dominant factor for the observed contextual effects (Yeung, Dy et al. 2017).

3.2 FUTURE DIRECTIONS

3.2.1 Using super-resolution microscopy

3.2.1.1 Spatial aspects of the existing data are mostly unexplored

Our existing data already contain the spatial information of gene and RNA signal, but the
spatial analysis was very limited. There are two main observations from our existing spatial
analysis: (1) Active gene copies are preferentially found near the cell periphery (fig. S33).
(2) lacY RNA (both total and nascent) showed membranal preference (fig. S32). These
observations are limited, in the sense that they come from conventional fluorescence
images, subject to the diffraction limit. Super-resolution microscopy will help us overcome

the current limitations.
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For the first observation, after examining the spatial position of active gene copies and
inactive gene copies, we found that the active gene copies are slightly closer to the cell
membrane (along the short axis of the cell). Such tendency was small (= 5% difference),
and we only observed this in a few cases where cells are growing slowly (glycerol, doubling
time =~ 150 min). Though our results are inconclusive, this phenomenon is worth examining
further. In E. coli, the well-known coupling between transcription and translation is
conflicting with the observation that the ribosomes are preferentially distributed outside
the nucleoid (Bakshi, Siryaporn et al. 2012). One proposed scenario to resolve the conflict
is that genes are spatially distributed based on their activities, and active genes tend to the
periphery of the nucleoid to access ribosomes and be transcribed and translated at the same
time, while inactive genes tend to be buried in the center of nucleoid (Campos and Jacobs-
Wagner 2013). This proposed scenario is consistent with our observed membranal
preference of active gene copies. This proposed scenario also requires the gene to spatially
move to the periphery of the nucleoid when the gene is being induced. Such movement or
relocation of gene loci is plausible given the dynamics of gene loci (within a = 300 nm

domain) (Fiebig, Keren et al. 2006, Espeli, Mercier et al. 2008).

For the second observation, lacY RNA (both total and nascent) showed membranal
preference. In bacterial cells, RNAs that encode inner-membranal protein are co-
translationally inserted into the cell membrane (Driessen and Nouwen 2008). But whether
the insertion happens together with transcription is unknown. Our data (fig. S32) suggested
that the co-translational insertion happens at the same time as transcription, i.e., a three-

way coupling of transcription, translation, and insertion. It is worth noting that in the
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process of analyzing the spatial data of lacY RNA, the membranal preference is only
apparent when we separate the lacY RNA signal from different z-slices. Only by focusing
on the lacY RNA signal from the middle z-slice (middle of the cell), we were able to see
the membranal preference of lacY RNA. For the conventional fluorescence microscope,
the spatial resolution in the z-direction is = 500 nm. This is rather poor considering that the
thickness (i.e., cell width) of E. coli cells is ~ 1um. We did not observe any membranal

preference for lacZ RNA.

To summarize, super-resolution can help us in identifying spatial features that are
potentially small and hard for conventional microscopy, such as the membranal preference
of active gene copies mentioned above and rescue the poor resolution in z-direction which

obscures any real membranal preference.

3.2.1.2 Super-resolution microscopy can improve the spatial resolution by an order of
magnitude and address open questions

By improving the spatial resolution by an order of magnitude, we might be able to
characterize the spatial organization of the site of transcription. In specific conditions, the
site of transcription is known to have a “Christmas tree” pattern (Miller, Hamkalo et al.
1970, French and Miller 1989). In the conventional picture, the DNA is coated with RNA
polymerases, and the nascent RNAs are coated with ribosomes. A technique called “Miller
spread” was used to obtain this picture. Cells are lysed and the genome is extracted and
prepared for electron microscopy. Specific sites on the genome are visually identified from

the electron microscope images. The spatial information with regards to the cell is lost in
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the process. And the genome and nascent transcript are not likely to be a straight line inside
the cell. Additionally, these studies only focus on strong constitutive promoters (ribosomal)
because they are easy to identify in electron microscope images. Thus, we still lack a
modern view of the spatial organization of the site of transcription inside the cell. By
simultaneous visualizing RNA and its encoding gene using super-resolution microscopy,

we can have a modern picture of the spatial organization at the site of transcription.

Moreover, understanding the spatial organization of the site of transcription will help us
put together different pieces of our observations mentioned above: (1) lacY RNA (both
total and nascent) displays membranal preference; (2) lacZ RNA (both total and nascent)
does not display membranal preference; (3) transcriptionally active gene copies of lac gene
display slight tendency to the cell membrane. There still seems to be unresolved conflicts
in these observations. lacY and lacZ RNA ought to be transcribed together. But why did
one show membranal preference but not the other? Also, is the membranal preference of
active copies of lac caused by the membranal preference of lacY RNA? | think the answers
lie in the spatial organization of the site of transcription. It is possible that the lacZ RNA is
still localized at the site of transcription, while the lacY RNA is extended and co-

transcriptional-translational inserted to the membrane.

3.2.2 Measuring transcription and translation simultaneously
In this study, we were able to distinguish between nascent and mature RNA. However, we
were unable to tell whether RNA is being translated or not. In the future, I hope to be able

to tell apart RNA that is being translated and those are not (if any), by labeling ribosomes
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or nascent proteins. One strategy in fixed-cells is to use fluorophore-labeled antibodies that
can bind against the protein product of the gene of interest. This method yields an additional
measurement, the number of proteins in individual cells (Sepllveda, Xu et al. 2016).
Similarly, in fixed-cells, we can apply a set of DNA oligos that binds against RNA
components in the ribosome (Buxbaum, Wu et al. 2014). In live cells, one possible
technique is called the SunTag system (Tanenbaum, Gilbert et al. 2014). In this system, an
array of peptide epitopes is fused after the protein of interest. A genetically encoded
antibody fragment fused to fluorescent protein will bind the epitopes, rendering the protein
as fluorescent spots under the microscope. This setup is very similar to the MS2 system for
visualizing RNA molecules (fluorescently fused MS2 coat protein binds MS2 binding sites

in RNA sequences).

Simultaneously measuring transcription and translation will enable us to address open
questions. For example, is there any difference between the translatability of nascent and
mature RNA? The well-known coupling of transcription and translation in bacterial cells
predicts that nascent RNA is likely to be translated more. But the observed preferential
enrichment of ribosomes near the periphery of the cell seems to predict that mature RNA
is likely to be translated more. It is interesting to see how these two opposite predictions
are resolved. This question can be phrased more broadly: Does the translatability of RNA
depend on the RNA spatial position in the cell? There are additional basic open questions.
What fraction of RNA in the cell is being bound and translated by the ribosomes? Are
ribosome-bound RNA and ribosome-free RNA spatially separate? Can we even see any

ribosome-free RNA? In our finding of the observed retention of mature RNA, one
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hypothesis mentioned above is that the retained mature RNA is the one that is being
translated (coated with ribosomes thus less diffusive). Is that really the case? Reexamining
RNA retention with simultaneous measurements of transcription and translation will

potentially provide mechanistic insight into the observed phenomena.

Simultaneous measurements of transcription and translation yield additional measurement,
the number of protein. To interpret the new measurement, we will need to add the process

of translation and add proteins as another species to our current model for RNA kinetics.

3.2.3 Modeling
Models will help us explore hypotheses about the inter-copy correlation and the coupling

between transcription and gene replication.

First, the correlation between different copies of the same gene in the same cell. As
mentioned above, we were trying to develop a three-state model to describe the correlation.
We also want to see if the three-state model can describe the distribution of RNA number.
What is the timescale of such fluctuation between cellular “ON” and “OFF” states? How
does the growth conditions (or growth rate) affect the fluctuations? When the model
describes the data well, these questions will help us understand the observed correlation

mechanistically.

Second, the effect of gene replication on transcription. In our current analysis, we only
fitted the data of nascent RNA per cell along the cell cycle phenomenologically, with a

sum of Hill functions and Gaussian functions at the half-maximum point of Hill functions.
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The amplitude of the Gaussian function was used as the estimation of the gene-replication-
effect upon transcription. This kind of treatment can be improved by adding cellular events
(cell growth, gene replication, the effect of gene replication upon transcription, cell division)
to our existing RNA kinetics model. By extending the existing model, we hope to have a
better mechanistic picture of the gene-replication effect and distinguish between the

hypotheses discussed above (de-repression, naked new copy, and supercoiling effect).

Both the correlation between different copies of the same gene in the same cell and the
effect of the gene replication upon transcription are previous “hidden variables”, i.e.,
unknown variables that affect the observables. By quantifying transcription at individual
gene copies, we uncovered these hidden variables. By incorporating these hidden variables
in our model, we will be able to assess how these variables contribute to the observed
heterogeneity of gene expression. Even after we incorporate these variables, certain level
of disagreement between the model and measurements might still exist, presumably
because of other hidden variables. Then, developing new techniques to measure more
observables might reveal more hidden variables that affect gene expression. By doing so,
perhaps in the end, we will find that gene expression is not that stochastic, it is just that we
were not able to identify many variables in advance and understand them in a meaningful

way.
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