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Abstract 

Single-cell measurements of mRNA 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 mRNA 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, mRNA 

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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1 THE STOCHASTICITY OF GENE EXPRESSION 

1.1 Gene expression was traditionally studied ñin bulkò  

Gene expression is the main mover in the cell. Genetic information is delivered through 

the transcription of a gene into mRNA and the translation of mRNA into protein. This 

process is fundamentally important to biology, as proteins are the molecules that perform 

most of the cell functions: catalyzing enzymatic reactions, transporting molecules through 

membranes, transducing signals, even constituting the machinery of gene duplication, 

transcription, and translation (Alberts et al., 2002).  

Gene expression has been traditionally studied in experiments that measured the average 

level in large cell populations. Western blotting has been extensively used for qualitative 

(or semi-quantitative) detection of specific protein molecules, through antibody targeting, 

within a protein mixture (usually extracted from cell culture) (Burnette, 1981; Towbin et 

al., 1979). Another classical class of biochemical assays, taking advantage of enzymatic 

activity, for example, the ɓ-galactosidase assay, has been commonly used as a reporter to 

monitor gene expression (Ninfa et al., 1998). Researchers have also used varied techniques 

to monitor gene expression at the RNA level: Northern blotting to detect specific RNA 

molecules present within an RNA mixture (Alberts et al., 2002), DNA microarray to 

measure the expression level of a large number of genes simultaneously(Adomas et al., 

2008), RNA sequencing to reveal the presence and quantity of RNA in a biological sample 

at a given moment (Wang et al., 2009). These approaches have a major shortcoming, in 
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that averaging over populations masks possible differences in gene expression that may 

occur between individual cells. 

1.2 Emergence of single-cell methods 

As early as in 1957, the pioneering work from Novick and Weiner, using serial dilution 

and amplification of individual bacteria, showed that the production of ɓ-galactosidase in 

individual cells was highly variable and random (Novick and Weiner, 1957). Moreover, 

they found that lactose induction increases the proportion of cells expressing the enzyme 

rather than increases every cellôs expression level (Novick and Weiner, 1957). These early 

studies, however, were hindered by the technical challenges involved in making reliable 

single-cell measurements. Primary among the technical advances is the use of fluorescent 

proteins, such as GFP. Using GFP to measure gene expression in individual cells has led 

to an explosion in experimental work. These studies and the ones that have followed have 

shed light on many of the mechanisms that result in cell-to-cell variability in gene 

expression using GFP (Elowitz et al., 2002; Ozbudak et al., 2002) and its variants in 

combination with time-lapse imaging and microscopy (Rosenfeld et al., 2005).  

As researchers probe more deeply into the mechanisms underlying the gene expression 

variability, the limitations of GFP are becoming more and more apparent. One is the 

sensitivity. When using conventional microscopy or flow cytometry, it is difficult to detect 

small numbers of fluorescent proteins. The sensitivity issue may make GFP an 

inappropriate choice of method in some situations, given that stochastic effects are more 

prevalent at low molecule numbers. Secondly, GFP level is typically measured in arbitrary 
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fluorescence units rather than molecular units (with the notable exceptions of (Rosenfeld 

et al., 2005) and (Gregor et al., 2007)), thus limiting the ability to evaluate gene expression 

quantitatively. Thirdly and the most importantly, estimating the activity of the promoter 

using the protein level suffers from the added complexity introduced in translation and the 

maturation of fused fluorescent proteins (Hebisch et al., 2013).  

Some later works have demonstrated the ability to count individual RNA molecules within 

single cells, which provides rigorous tests for theoretical models of transcription. One 

representative method for counting RNA numbers in individual cells is single molecule 

fluorescence in situ hybridization (FISH) (Femino et al., 1998; Raj et al., 2008). Another 

method widely used for following individual RNA molecules in live cells is MS2 (Beach 

et al., 1999; Bertrand et al., 1998; Golding et al., 2005). Both methods will be described 

later in detail. The advent of simple and accurate measurements of gene expression in 

individual cells has led researchers to find that the numbers of RNAs and proteins can vary 

dramatically from cell to cell. 

1.3 Single-cell studies revealed ñnoiseò in gene expression 

Single-cell measurements have dramatically enhanced our understanding of cell-to-cell 

variability in gene expression. The first attempts to characterize the heterogeneity in gene 

expression were born from experiments in synthetic biology. One example is the 

ñrepressilatorò network built in (Elowitz and Leibler, 2000), a cyclic negative-feedback 

loop composed of three repressor genes and their corresponding promoters, which is 

capable of producing oscillations in gene expression. Elowitz and Leibler conjectured that 
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the stochasticity (or noise) in gene expression was causing the oscillations, but the 

molecular basis remained unclear. The first experiment to explore the causes of the 

stochastic gene expression was analyzing the whole-cell fluorescence from two identical 

promoters placed at two arms of the bacterial chromosome, with equal distance to the 

replication origin (Elowitz et al., 2002). In this work, Elowitz and colleagues first 

introduced the concepts of intrinsic and extrinsic noise in gene expression and found that 

both sources of noise can be significantly dependent on the promoter. Extrinsic noise 

comes from sources that affect the expression of both copies of the gene equally in a given 

cell, such as variations in the numbers of RNAP or ribosomes. Intrinsic noise is due to the 

randomness inherent to transcription and translation. Later time-lapse measurements 

showed that in bacteria, the timescale of intrinsic fluctuations is less than 9 min; in contrast, 

the timescale of extrinsic fluctuations is about 40 min, roughly the length of the cell cycle 

(Rosenfeld et al., 2005). 

As discussed earlier, the whole-cell measurement of fluorescent protein level is limited in 

measuring stochastic gene expression. Researchers therefore attempted to measure the 

RNA level in individual cells directly. For example, using the MS2 reporter system to 

monitor the transcription of individual RNA molecules in real time (Golding et al., 2005). 

The transcriptional activity of the gene was detected through the binding of the MS2 coat 

protein, fused to GFP, to an array of MS2 binding sites that was placed under the promoter 

of interest. In (Golding et al., 2005), it is shown that RNA molecules were produced in 

transcriptional bursts, and the gene was randomly switching back and forth between 

transcriptionally active and inactive states. 
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1.4 Causes and consequences of stochastic gene expression 

From single-cell measurements, it is clear that for the same gene, the amount of RNA and 

proteins is different among different cells. The reason is that within a single cell, gene 

expression is inherently stochastic, or random. Whether a gene is transcribed at any 

moment depends on the diffusive binding of multiple regulatory proteins to their 

designated binding sites, as well as the occurrence of multiple biochemical reactions 

required for transcription initiation (Coulon et al., 2013). All these biochemical reactions 

are essentially single-molecule events and the players involved often exist in low copy 

numbers. For example, in E. coli, protein-coding genes are typically present in only 1-8 

copies per cell, depending on the genomic location and growth condition (Neidhardt et al., 

1990). The main regulators of gene expression, transcription factors, often exist in low 

copy numbers (Guptasarma, 1995). For example, the repressor for the lactose promoter, 

LacI, only exists in 10-30 copies in a single cell (Edelmann and Edlin, 1974). The product 

of transcription, RNA, spans a range of 10-4-10 copies per cell (Taniguchi et al., 2010). The 

fact that these players are present in very low copy numbers means that the stochastic effect 

in gene expression does not just average away but can instead lead to easily detectable 

differences between otherwise identical cells.  

Stochastic gene expression provides useful unicellular variability. In unicellular organisms, 

for example, E. coli, variability allows heterogeneous phenotypes even in clonal 

populations, enabling a population of cells to commit certain subpopulations to different 

behaviors. Variability in a population is enhanced by networks that can produce multiple, 

mutually exclusive profiles of gene expression within individual cells (such as the ñONò 
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and ñOFFò expression of a particular gene). These ñONò and ñOFFò states are ñbistableò 

(or multistable) in the sense that small variations in expression are insufficient to cause the 

organism to flip from one state to another. Occasionally, however, a big stochastic 

fluctuation can induce a transition from one state to another. Take the decision making 

between lysis and lysogeny fates of phage lambda as an example. The stochastic effects in 

the expression of key regulators (Cro and CI) could explain why some cells activated the 

lytic pathway whereas others follow the lysogenic pathway (Ptashne, 2004; Sepúlveda et 

al., 2016).  

Metabolic networks are an important class of genetic networks exhibiting multistability 

with stochastic transitions. The lactose utilization network in E. coli displays an ñall or 

noneò type of behavior, and single cells stochastically transit between ñONò and ñOFFò 

states (Mettetal et al., 2006; Ozbudak et al., 2004). When lactose is absent, the lac repressor 

(LacI) binds to the lactose promoter, to repress the transcription of genes in lac operon 

(ñOFFò state). When lactose is present, LacI is inactivated and is no longer able to bind 

DNA, de-repressing the gene (ñONò state). Such behaviors have also been observed in 

cells that were all initially in an uninduced state, arguing that some stochastic mechanism 

must have caused the network to switch from the ñOFFò to the ñONò expression state.  

In higher eukaryotes, population heterogeneity largely arises from genetic and 

environmental diversity, making the argument for utilizing stochastic gene expression less 

plausible (Nevo, 1988). Yet researchers have found interesting examples of stochastic cell-

fate decisions linked to stochastic gene expression even in development: photoreceptor 
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expression in Drosophila eyes (Wernet et al., 2006), the expression of odorant receptors in 

different sensory neurons in mice (Tsuboi et al., 1999; Vassar et al., 1993), and 

differentiation of progenitor stems cells into the various types of blood cells (Enver et al., 

1998; Hume, 2000).  

The notion that stochastic effects in gene expression could have important biological 

implications has motivated much research in the field.  



 23 

2 INFERRING THE KINETICS OF STOCHASTIC TRANSCRIPTION 

2.1 Whole-cell RNA measurements in fixed cells provide estimates of RNA 

kinetics 

The detection of individual RNA molecules in individual cells has dramatically enhanced 

our understanding of transcription, not only regarding its effects on cell-to-cell variability 

in gene expression but also in providing insights into the biochemical mechanisms involved. 

One representative technique is single-molecule fluorescence in situ hybridization 

(smFISH) (Raj et al., 2008; Skinner et al., 2013). In this method, samples are fixed, and 

then a hybridization is performed using a set of fluorescently labeled oligonucleotides, each 

complementary to a unique portion of the target RNA, rendering the molecule sufficiently 

fluorescent to be detected by fluorescence microscopy. Individual RNAs appear as 

diffraction limited fluorescent spots under the microscope. The intensity of these 

fluorescence spots can be computationally converted to the number of RNA molecules in 

each cell. Another completely different approach to counting the number of particular 

RNAs within single cells is the use of single-cell quantitative reverse transcription PCR 

(RT-PCR) (Bengtsson et al., 2005). Isolating individual cells and performing RT-PCR on 

each cell can yield absolute measures of transcript numbers with appropriate controls and 

standardization.  

The statistics of the whole-cell RNA numbers carry the signature of gene expression, which 

allows estimating the RNA kinetics through the theoretical model fitting. The model 

includes a series of parameters describing the processes involved in RNA life cycle, such 

as the rate of a promoter making new RNA and the rate of RNA degradation. The model 
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is either simulated or solved to generate a predicted distribution of RNA number per cell, 

which is then compared to the measured statistics to extract the kinetic parameters. Broadly, 

two stochastic kinetic modes of transcription have been observed in individual cells. One 

is ñPoissonian,ò in which RNA is synthesized in random, independent events, with constant 

probability over time (Larson et al., 2011; Yunger et al., 2010). The other one is ñbursty,ò 

in which RNA is produced in episodes of bursts followed by long periods of inactivity (Raj 

et al., 2006; So et al., 2011) 

2.2 Time-lapse measurements in live cells directly follow RNA kinetics 

Even though fixed-cell measurement provides precise quantification of RNA numbers, it 

misses the temporal information in transcription. Researchers have begun to directly follow 

the RNA kinetics in live cells. The live-cell methods typically involve genetic engineering 

and time-lapse microscopy. One representative technique was the MS2 RNA reporter used 

in (Golding et al., 2005), which allowed direct measurement of the ñONò and ñOFFò period 

of active transcription. This technique, adapted from bacteriophage MS2, was developed 

simultaneously by Bloom and colleagues (Beach et al., 1999)and Singer and colleagues 

(Bertrand et al., 1998). The promoter of interest is fused to multiple copies of the 

recognition site for the MS2 coat protein, an RNA binding protein. In the same cell, a 

fusion of MS2 coat protein to a fluorescent protein is expressed in excess. As a result, 

RNAs gets decorated by multiple copies of fluorescent proteins and can be detected under 

the microscope. An analogous method used is the PP7 RNA reporter, adapted from another 

bacteriophage, which has enabled direct measurement of promoter clearance, elongation, 
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and termination rates (Larson et al., 2011). Another method for the real-time detection of 

individual RNAs is in vivo hybridization of target RNAs with molecular beacons, which 

are single-stranded nucleic acid probes that only fluoresce upon hybridization to a target 

molecule (Tyagi and Kramer, 1996). One of the biggest challenges to overcome, however, 

is the delivery of the molecular beacons to bacterial cells.    
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3 MEASURING ACTIVE TRANSCRIPTION AT A SINGLE GENE COPY 

3.1 Limitations of whole-cell RNA measurement 

Whole-cell RNA measurement (both fixed- and live-cell methods) is still limited in 

multiple ways. First, it integrates over the full lifetime of RNA molecules, without 

distinguishing RNAs that are being transcribed from the finished ones. Unlike eukaryotes, 

where RNA lives much longer than the time taken for its transcription (Schwanhäusser et 

al., 2011), in bacterial cells RNA lifetime is similar to the time it takes for transcription 

elongation (Bernstein et al., 2002). Whole-cell RNA measurement will potentially lose the 

kinetic features and miss the spatial features for RNA at different stages of its life cycle. 

Secondly, whole-cell RNA measurement sums the contributions from multiple gene copies. 

Naturally, in a single E. coli cell, there exists more than one copy of the same gene 

(Neidhardt et al., 1990), which do not necessarily  have the same activity. Previously, the 

stochastic activity of individual gene copies was accounted by, either scaling the whole-

cell RNA measurements using the number of gene copies (Jones et al., 2014), or taking a 

subset of cells as a homogenous population of cells with the same number of gene copies 

(newborn cells as an example) (Sepúlveda et al., 2016). Thirdly, as part of the chromosome 

replication cycle, the number of gene copies changes as the cell cycle progresses. An 

increase in the total RNA number may reflect a change in the gene dosage, rather than an 

increase in transcription.  
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To summarize, all these factors limit  the capability to map whole-cell RNA measurement 

to the stochastic kinetics of individual gene copies. These limitations have left several 

interesting questions that cannot be addressed directly. 

3.2 What is the spatiotemporal life history of RNA? 

One of the open questions is the spatiotemporal life history of RNA. The E. coli cell is very 

small, at about one micrometer in width and a few micrometers in length (Neidhardt et al., 

1990). Within this limited space, there is no spatial ñbarrierò separating the nucleoid from 

the cytoplasm (Neidhardt et al., 1990). Unlike eukaryotes, where spatial compartmentation 

is apparent, the bacterial cell was traditionally considered well-mixed, where interactions 

are governed by diffusion kinetics (Phillips et al., 2009; von Hippel and Berg, 1989).  

Researchers have taken efforts to examine the spatial organization of the flow of genetic 

information in bacteria. The nucleoid (where transcription takes place) and RNAP (the 

transcriptional machinery) reside in the center of the cell (Bakshi et al., 2012; Campos and 

Jacobs-Wagner, 2013).  Ribosomes, the translational machinery, are mostly excluded from 

the nucleoid area (Bakshi et al., 2012; Campos and Jacobs-Wagner, 2013). RNase E, the 

major component of RNA degradosome, is mainly located at the cell membrane (Khemici 

et al., 2008; Murashko et al., 2012). All this evidence seems to suggest that the bacterial 

cell is not as simple and homogeneous as people used to think, but instead presents the 

spatial organization of RNA processes.  

However, functional studies have brought contradictory pictures of the spatial organization 

of RNA processes. Functional coupling between transcription and translation has been 
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extensively documented in bacteria (i.e., translation is initiated on nascent RNAs as they 

are being transcribed) (Das et al., 1967; Proshkin et al., 2010). The experimental 

measurements of RNA kinetics have been well described by models involving ñco-

transcriptional degradationò (i.e., allowing RNase to bind RNA at any time RNA synthesis 

has started) (Chen et al., 2015). There are also conflicting reports regarding the spatial 

location of RNA through its whole lifetime: RNA is localized to the site of transcription 

for most of its lifetime (Llopis et al., 2010); RNA is released into the cytoplasm, and in 

some cases delivered to the cell membrane (Moffitt et al., 2016; Nevo-Dinur et al., 2011). 

Even though these contradictory arguments may be due to different RNAs or different 

growth conditions that were examined in these studies, it is obvious that the knowledge of 

the spatiotemporal history of RNA is still limited.  

To address the spatiotemporal life history of RNA, an ultimate and ideal way will be 

directly following the RNA through its whole lifetime, from its production at the gene, 

translation, to its degradation.  

3.3 Is transcription coupled to the cell cycle progression? 

To describe the statistics of RNA numbers, mathematical models have played a key role, 

and have primarily relied on the assumption of constant transcription rate during cell-cycle 

progression (Sepúlveda et al., 2016). However, such an assumption is clearly violated for 

cell-cycle-related genes, which display large fluctuations that are correlated with cell cycle 

(Laub et al., 2000). These cell-cycle correlated fluctuations may propagate into 

downstream components through the gene regulatory network. In bacteria, previous studies 



 29 

suggest that transcription may be coupled to discrete events in the cell cycle, in particular, 

replication of the gene (Hanawalt and Wax, 1964; Kuempel et al., 1965; Masters et al., 

1964; Mukhopadhyay and Chattoraj, 2000). Guptasarma has proposed three mechanisms 

that would lead to such coupling (Guptasarma, 1995). One is ñtransient derepression,ò 

where the passage of the replisome through the repressed gene knocks off transcription 

factors and transiently increases transcription. Two other mechanisms have also been 

proposed in which coupling of transcription to gene replication is achieved by negative 

supercoiling (Pruss and Drlica, 1989) or by de-methylation (Roberts et al., 1985).  

In addition to gene replication, another discrete event during cell cycle progression, cell 

division, creates a random allocation of proteins and RNAs into two daughter cells. In E. 

coli, some transcription factors exist at very low copy number (Guptasarma, 1995), for 

example, LacI exists in ~10-30 copies per cell (Edelmann and Edlin, 1974). Once the cell 

divides, if one of the two daughters does not inherit enough LacI for full repression of the 

lac promoter, that daughter cell will possibly show a sudden increase in transcriptional 

activity. 

Though different mechanisms have been proposed for cell-cycle correlated transcriptional 

activity, the experimental evidence was weak in multiple ways: 1) The transcriptional 

activity was measured by averaging a population of cells; 2) Researchers failed to rule out 

the possibility that the observed gene replication effect was caused by the change in gene 

dosage. Therefore, we need to measure the RNA production at an individual gene copy, at 
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the same time, keep track of other cellular events during the cell cycle progression, e.g., 

gene replication, cell birth, and division. 

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

As mentioned earlier, a single E. coli cell typically harbors more than one copy of the same 

gene. Early studies assume independent regulation for individual gene copies (Sepúlveda 

et al., 2016), which, however, unavoidably share the same regulators and similar 

microenvironment. It has long been an interesting question to study if there is a correlation 

in transcriptional activities between multiple copies of the same gene in different organisms. 

In mammalian cells, not to mention the inactivation of one of the X chromosomes in female 

mammals (fully negative correlation, (Lyon, 1961)), researchers widely observed a certain 

level of correlation (Ginart et al., 2016; Hansen and van Oudenaarden, 2013; Levesque et 

al., 2013). In yeast, no significant correlation was found (Gandhi et al., 2011).  

In E. coli, however, the correlation has not been addressed directly so far because of the 

lack of ñallele-specificò measurements. Some of the ideas discussed above in section 3.3 

(i.e., the coupling of transcription to other cellular events) may result in a correlation 

between multiple copies of the same gene. The potential coupling of transcription to gene 

replication will possibly create a correlation between recently replicated sister copies. The 

competition for transcription factors will potentially result in opposite regulation of 

different copies. The fluctuation of upstream regulators may induce a stochastic transition 

in the ñONò and ñOFFò state of individual gene copies. Measuring the transcriptional 
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activity of individual gene copies is necessary to examine the correlation between different 

copies of the same gene.  
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4 SUMMARY  

In this chapter, I introduced the advance from traditional ñbulkò measurement to single-

cell measurement, which allows researchers to begin understanding stochastic gene 

expression. I also introduced the limitations of whole-cell RNA measurements in mapping 

it to the stochastic kinetics of individual gene copies. Thus in this study, we set to measure 

active transcription at a single gene copy level. I raised several open questions that could 

be addressed with the measurement at the single-gene level. In my thesis, I will use E. coli 

as a model system, one of the most widely studied bacterial organisms, and I will start with 

the lac operon, a paradigm for studying gene regulation. I will  present the method to 

measure active transcription at individual gene copies, and how the novel measurements 

can address those open questions.  
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Measuring transcription at a single gene copy illuminates mRNA 

dynamics and reveals intracellular correlations  

Manuscript submitted 

Authors:   Mengyu Wang*, Jing Zhang*, Heng Xu and Ido Golding 

My contribution:  (1) Designed and built genetic constructs for detecting transcription at 

a single gene copy for different promoters (Plac, PR) at different genome positions 

(ori, lac, hyc, ter). (2) Performed ñsnapshotsò and time-lapse experiments in live cells for 

different promoters (Plac, PR) at different genome positions (ori, lac, hyc, ter) and growth 

conditions (LB, glucose, glycerol). (3) Analyzed live-cell experiments. (4) Co-wrote the 

paper. 
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1 Detecting active transcription at a single gene copy 

We set out to measure the transcriptional activity of an individual gene copy within a single 

E. coli cell. We hypothesized that active transcription could be quantified by measuring the 

amount of mRNA that is localized to the transcribed gene (Larson et al., 2011; Zenklusen 

et al., 2008). 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 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 et al., 1998; Raj et al., 2008; 

Skinner et al., 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 (fig. S1) and measure the copy number of gene loci and mRNA molecules 

(Sepúlveda et al., 2016; Skinner et al., 2013). The FROS system allowed reliable counting 

of gene copies in both live and fixed cells and did not affect the cell growth rate or mRNA 

expression from the gene (fig.  S2).   

Focusing first on the lactose promoter, Plac, 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. S3). Consistent with the hypothesis that the gene-proximal mRNA signal 

corresponds to actively transcribed molecules, the proximal population was almost absent 
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if the labeled locus did not correspond to the transcribed gene (Fig.  1B). 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 mRNAs at the 

gene (French and Miller, 1989)(Fig.  1C). Proximal mRNA was also enriched for the 5ô 

region of the gene, as would be expected from the 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 two additional promoters (PlacI and phage lambda 

PR), under multiple growth conditions, as well as in live cells, where RNA was labeled 

using MS2 tagging (Bertrand et al., 1998; Golding and Cox, 2004)(figs.  S3-S5). 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, fig. S6) allows us to classify cellular mRNA 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 at different expression levels (Fig. 1F and figs. S1, S7).   

2 Analyzing nascent mRNA reveals the kinetics of initiation, elongation and 

degradation 

We next sought to use single-cell measurements of nascent mRNA to characterize the 

kinetics of mRNA processes taking place at the gene: transcription initiation, elongation, 

decay, and release. To that end, we induced Plac expression by adding Isopropyl-Beta-D-
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Thiogalactoside (IPTG) to the growth medium (Elf 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 

mRNA dynamics (Fig. 2A). In the model, transcription initiation is followed by mRNA 

synthesis (elongation) at a speed vel, to a final length L (Choubey et al., 2014; Xu et al., 

2016). Once the transcript is complete, mature mRNA is released from the gene into the 

cytoplasm (Choubey et al., 2014; Xu et al., 2016). Degradation of both nascent and mature 

mRNA is assumed to initiate at rate kd (Chen 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 vel (Chen et al., 2015).  

Induction kinetics in glucose medium (where Plac exhibits a large dynamic range, Fig. 1F 

and (Kuhlman 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 º 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 allowed us to estimate the mRNA elongation speed (vel = 42 ± 2 nt/sec, SEM from 

two experiments) and degradation rate (kd = 0.0078 ± 0.0003 sec-1). Both estimates were 

consistent with independent measurements using mRNA counting alone and with 

previously reported values (figs. S8-S9 and (Chen et al., 2015; Moffitt et al., 2016; 

Proshkin et al., 2010; So et al., 2011)). Measuring the steady-state amount of nascent 
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mRNA at different Plac induction levels suggested that vel is positively correlated with the 

rate of initiation (fig. S10), consistent with earlier reports (Epshtein and Nudler, 2003; 

Proshkin et al., 2010). The assumptions that nascent mRNA is degraded and that 

degradation proceeds at speed vel are further supported by simultaneous analysis of the 

mRNA signals from the 5ô and 3ô regions of the gene during induction (fig. S11).   

3 Evidence for partial retention of mature mRNA at the gene 

Whereas mRNA kinetics in glucose agreed with the theoretical expectation, this was not 

the case when we repeated the induction experiment in glycerol, a slow-growth medium 

(doubling time g º 150 min [30°C], compared to g º 50 min in glucose [37°C]; fig. S12). 

As seen in Fig. 2C, the appearance of cytoplasmic mRNA, upon the completion of the first 

transcript, was not immediately 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 

mRNA following the inhibition of transcription initiation (fig. S13). The hypothesis of 

mature mRNA retention is supported by two additional pieces of evidence. First, the ratio 
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of 5ô to 3ô 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. 

S13). Second, vigorous centrifugation of the cells (4500 g for 5 min) lowered the level of 

gene-proximal mRNA back to the expected level for the nascent species only (Fig. 2C and 

fig. S13), again consistent with the presence of two mRNA populations at the gene, with 

only the actively-transcribed molecules strongly tethered (and therefore irremovable by 

centrifugation). A similar effect was also observed for the lambda PR promoter (fig. S13). 

Finally, our model helps reconcile conflicting observations regarding the spatial 

organization of mRNA in E. coli (Llopis et al., 2010; Moffitt et al., 2016; Nevo-Dinur et 

al., 2011), by identifying mature mRNA retention as the cause of these differences. The 

change in mRNA spatiotemporal dynamics between different growth conditions may 

reflect the effect of cellular metabolism on the coupled kinetics of RNA polymerases and 

ribosomes (Iyer et al., 2018; Proshkin et al., 2010) and on cytoplasmic fluidity (Parry et al., 

2014).  

4 A stochastic model of mRNA kinetics captures single-cell statistics 

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 Plac copies in live 

cells (Fig. 2D) revealed that the durations of promoter activity (defined by the presence of 

nascent RNA) and inactivity periods both follow exponential distributions (Fig. 2E, fig. 

S14). This indicated that, despite the complex dynamics of transcriptional regulation (Jones 
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et al., 2014; Scholes et al., 2017), promoter activity can be phenomenologically described 

using stochastic two-state kinetics, as previously concluded from whole-cell mRNA 

measurements (Golding 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 Plac induction, in both glucose 

and glycerol (Fig. 2F, G and figs. S15-S16). 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. S17) allowed us to identify that, upon Plac induction, the 

probabilistic rate of promoter activation, kon, is the main parameter being modulated to vary 

expression (Fig. 2H, fig. S18), consistent with similar reports in other systems (Padovan-

Merhar et al., 2015; Senecal et al., 2014; Skinner et al., 2016).  

5 Sister gene copies can be highly correlated in their transcriptional activity  

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

gene are often present in the same cell (Neidhardt et al., 1990; Wallden et al., 2016). The 

stochastic activity of these individual copies may be correlated due, e.g., to fluctuations in 

an upstream regulator (Swain et al., 2002). This effect has been deduced from the presence 

of so-called ñextrinsic noiseò in mRNA and protein expression (Elowitz et al., 2002; 

Taniguchi et al., 2010), 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 Plac activity in cells grown in glucose, under induction conditions 
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where the fraction of transcriptionally active copies (pon) is approximately ½. Specifically, 

we examined the subpopulation of cells with exactly two sister copies of the lac locus. 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 Plac 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. S19). Live-cell measurements in the Plac MS2 reporter also revealed 

a very low level of temporal correlation between two promoter copies within the same cell 

(Fig. 3C).  

Repeating the same analysis for cells grown in glycerol (again at pon º 0.5) yielded 

dramatically different results: Two copies of Plac 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. S19), 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 

showing higher correlation in a slower growth medium (fig. S20). In addition to the 

dependence on growth rate, the degree of correlation (and the corresponding ñextrinsic 

noiseò value) varied also with the expression level and the genomic location (Fig. 3G, figs. 

S21-S22). On the other hand, the correlation between two sister copies did not depend on 

their physical distance or cell length (fig. S23).  Elucidating the mechanisms of gene copy 

correlations will require additional work; phenomenologically, these correlations can be 



 42 

captured by a model where a fluctuating cellular state enslaves the states of individual 

promoter copies (Xu et al., 2015).   

6 Transcription from a repressed promoter is coupled to the event of gene 

replication 

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 et al., 2011)(Fig. 4A, C 

and fig. S24). In fixed samples, we used cell length as a proxy for the progression of the 

cell cycle (Wallden et al., 2016). Gene replication took place at well-defined cell-length 

intervals (Wallden et al., 2016)(Fig.  4A, C), and the cell-length at gene replication 

exhibited the expected dependence of genomic position (fig. S25).  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 ñconstitutiveò promoter (Rosenfeld 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 when 

the promoter was placed at different genomic loci (fig. S25).  

It has long been speculated that, rather than being uniformly probable throughout the cell 

cycle, transcription from low-expression promoters takes place only briefly, following 

gene replication (Guptasarma, 1995; Hanawalt and Wax, 1964; Mitchison, 1969). 

Replication-induced transcription could stem, for example, from the transient displacement 
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of a repressor by the replication fork (Hammar et al., 2014). To test this intriguing 

hypothesis, we examined the cell-cycle dependence of Plac activity under low-IPTG 

conditions, where it is repressed by LacI. 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 also observed in other growth 

conditions (fig. S26), as well as using a Plac MS2 reporter placed at a few genomic loci (fig. 

S25). We also observed the transient increase in transcription around gene replication by 

following Plac 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. S27). These results all indicate that the replication of 

a strongly repressed Plac copy is accompanied by a transient increase in its activity. 

Consistent with the idea that the increased activity reflects a transient relief of LacI 

repression, we found that the relative effect of replication gradually diminished as lacZ 

expression increased, i.e. as repression was relieved (Fig. 4G and fig. S26).  
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Figure 1.  Detecting active transcription at a single gene copy 

(A) Left: 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 Plac, is simultaneously detected 

using smFISH. Right: In the imaged cell, two sister lac loci are present. One locus is colocalized with a strong 

smFISH signal, indicating active Plac transcription (see subsequent panels). 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 ɛm. (B) Left: 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). 

Right: By applying the mRNA-to-gene distance threshold, cellular mRNA (red circles) can be classified into 
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nascent (actively transcribed, empty) and mature (solid); likewise, each gene copy (cyan circle) is classified 

as transcriptionally active (empty) or inactive (solid). (C) The intensity of lacZ smFISH signal as a function 

of distance from the lac locus. The data (N = 1208 cells) was binned and fitted to a Hill function. The vertical 

dashed line indicates the distance threshold defined in panel B. (D) Same as (C), measured for the 5ô (red) 

and 3ô (green) regions of lacZ mRNA, 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 (black) and the fraction 

of transcriptionally active Plac copies (pon, gray), as a function of inducer (IPTG) concentration. Shown are 

the means ± SEM from N = 590-1532 cells at each induction level. The data was fitted to Hill functions.  
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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, 1mM cAMP). 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). 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. The predicted steady-state level of nascent lacZ mRNA (cyan dashed line) is consistent with 

measurements using a protocol that includes cell centrifugation (empty marker). (D) Following Plac activity 
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in live cells. Each lac locus was detected through TetR-mCherry binding to the nearby tetO array. 

Endogenous lacZYA was replaced by 48 MS2 binding sites (48MS2bs), and Placï48MS2bs transcripts were 

detected using MS2-GFP. The activity state of each sister Plac 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 1mM 

IPTG. Scale bar, 1 ɛm. (E) The distributions of ñONò and ñOFFò durations for individual Plac copies, 

measured in live cells.  Markers, experimental data (mean ± SD from N = 57 and 59 events, respectively). 

Solid line, an exponential fit, allowing an estimation of the probabilistic rates of promoter switching. (F) The 

distributions of nascent (per gene copy) and total (per cell) lacZ mRNA, 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 mRNA retention at the gene. (H) The estimated rate of Plac switching to the active 

state (kon), and the transcriptional burst size (b = kini / koff), 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 Plac, in cells grown in glucose (37°C , 1 mM cAMP 

and 100 µM IPTG). For each cell having two endogenous sister lac copies, the position and activity of each 

copy is overlaid on the cell boundary (yellow), as in Fig. 1B above (lacZ mRNA is not shown). Scale bar, 2 

ɛm. (B) The distribution of number of active Plac 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 Placï48MS2bs 

in the same cell, measured in N = 42 live cells grown in glucose. (D) Same as (A), for cells grown in glycerol 
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(30°C , 10 µM IPTG). (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 Plac activity, as a 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, which serves as a proxy for sister-copy 

cohesion, as a function of cell length. Shading, binned data (mean ± SEM, N = 947 cells grown in LB, 30°C ). 

Solid line, fit to a sum of two Gaussians, corresponding to consecutive gene-replication events. 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 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, corresponding to the 

consecutive doublings of gene dosage. (C) Same as (A), for the lac locus (N = 1763 cells grown in LB with 

10 ɛM IPTG). (D) Nascent lacZ mRNA per cell from the Plac promoter, as a function of cell length. 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, corresponding to a pulse of transcription around the time of 
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gene replication. (E) Time-lapse images demonstrating the occurrence of Plac transcription close to time of 

gene replication. Cells were grown in LB with no IPTG. The horizontal black bar indicates the uncertainty 

in estimating replication time, due to the frame rate and sister cohesion. Scale bar, 1 ɛm. (F) The probability 

of Plac transcription (appearance of Placï48MS2bs signal), as a function of time relative to gene replication. 

Error bars, data ± SD from N = 97 cells. 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 Plac 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 RNA per cell. The 

values corresponding to panels B and D are highlighted. 
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1 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 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 fused to 

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 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. The plasmid 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 et al., 2006) using FRT-Flp recombination (Ellermeier et al., 

2002). To construct pJZ087, we amplified (from pKG137, a derivative of pCE37 

(Ellermeier 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 (pir dependent replication, 

for eliminating the plasmid after Flp-FRT recombination) and a kanamycin resistance 

cassette (KanR). This fragment was then recombineered into plasmid pBH23 (Joshi et al., 
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2011) using standard protocols (Thomason et al., 2014). pBH23 carries the 140tetO array, 

with a gentamycin resistance cassette (GenR) 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 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 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, fused to a fluorescent protein (Golding and 

Cox, 2004). 

We first constructed a series of plasmids carrying 24 or 48 MS2bs under control of different 

promoters. We started with pIG-48bs and pIG-24bs, which carry 48 and 24 copies of 

MS2bs under control of Plac (Golding and Cox, 2004). Next, pBS48bs-CmR and pBS24bs-

CmR were constructed by replacing the ampicillin resistance cassette (AmpR) in pIG-48bs 

and pIG-24bs with chloramphenicol resistance cassette (CmR), using recombineering. The 

chloramphenicol resistance cassette was amplified from pKD3 (Datsenko and Wanner, 

2000) using primers OC201-2 and OC202. 
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pJZ054 was constructed by replacing Plac in pBS24bs-CmR with the phage lambda 

promoter PR. The PR sequence was amplified from wild-type phage lambda using primers 

PR-short-FP and PR-short-RP, cut by NotI and PciI, and ligated into pBS24bs-CmR which 

was cleaved by the same enzymes. 

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 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 section 1.1.4. 

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 (Golding and Cox, 2004; Joshi et 

al., 2011). This often results in non-uniform expression across cells, even under the same 
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growth conditions (data not shown). 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 of plasmids (pSR67.1-5), in which the protein of interest is 

expressed from one of five Anderson collection promoters of different strengths (Schmidl 

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 

PJ23117, BBa_J23117, 162 arbitrary Anderson promoter units) was amplified using primers 

pSR67-GG-FP and pSR67-GG-RP. The two fragments were digested using BsaI and 

ligated using Golden Gate assembly (Engler 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 pIG-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 

using primers pSR67-GG-FP2 and pSR67-GG-RP3. The two fragments were digested 

using BsmBI 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 PJ23105-ms2-gfp fragment was amplified from pJZ107 using 

primers MS2-TetR-GG-FP2 and MS2-GFP-GG-RP3. The backbone of pJZ102 (containing 
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PJ23117-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. PJ23117-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, http://parts.igem.org/Ribosome_Binding_Sites/Prokaryotic/Constitutive/ 

Community_Collection), with BBa_0031 (0.07 relative strength to BBa_0034). A 

fragment containing PJ23117 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 

Three different growth media were used in this study: (1) LB (1 L of medium contains 10 

g tryptone (BD Biosciences), 5 g yeast extract (BD Biosciences), 5 g NaCl (Fisher 

Scientific) and 1 µM NaOH (Fisher Scientific)); (2) Glucose (Minimal M9CA broth 

(Teknova)); (3) Glycerol (Minimal M9 broth minus carbon (Teknova), supplemented with 

0.4% glycerol (Fisher Scientific)). 

http://parts.igem.org/Ribosome_Binding_Sites/Prokaryotic/Constitutive/%20Community_Collection
http://parts.igem.org/Ribosome_Binding_Sites/Prokaryotic/Constitutive/%20Community_Collection
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Cultures from fresh colonies were grown overnight (14-16 hours) with antibiotics when 

appropriate: 100 µg/ml Ampicillin (Fisher Scientific), 50 µg/ml Kanamycin (Fisher 

Scientific), 17 µg/ml Chloramphenicol (Fisher Scientific), 5.5 µg/ml Gentamicin (Sigma), 

100 µg/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 as well; 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.  

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 OD600 å 0.2. Each sample was then treated according to the procedures 

described in section 1.3. 

1.2.2 smFISH induction experiments  

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 OD600 å 0.2. Isopropyl ɓ-

D-1-thiogalactopyranoside (IPTG, Sigma) was added to a final concentration of 100 µM 

(glycerol) or 1000 µM (glucose) at t = 0. 10 ml samples were collected at different time 

points and treated according to the procedures described in section 1.3. 
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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 OD600 å 0.2. Rifampicin 

(Fisher Scientific) was added to a final concentration of 500 ɛg/ml (Bernstein et al., 2002) 

at t = 0. 10 ml samples were collected at different time points and treated according to the 

procedures described in section 1.3. 

1.2.4 Live-cell snapshots  

The overnight cultures were diluted (1:500 to 1:2000) into 10 ml medium with appropriate 

supplements and grown in 125-ml baffled flasks to OD600 å 0.2. Cells were then prepared 

for imaging according to the procedures described in section 1.4.1. 

1.2.5 Live-cell time-lapse movies  

The overnight culture was diluted (1:500 to 1:2000) into 10 ml medium with appropriate 

supplements and grown in 125-ml baffled flasks to OD600 å 0.2. Cells were then prepared 

for imaging according to the procedures described in section 1.4.2. 

1.3 Single-molecule fluorescence in situ hybridization (smFISH)  

The smFISH protocol was described in detail previously (Skinner et al., 2013). Briefly, a 

set of antisense DNA oligo probes was designed against the gene of interest and 

synthesized with 3ô 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 
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as described in 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 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 1×PBS, then centrifuged at 4500 g for 1 min. This washing step is meant to ensure the 

proper pH, since YFP is pH-sensitive (Llopis 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 2×PBS. 

1.4 Preparation of live cells for imaging 

1.4.1 Snapshots 

Cells were grown as described in 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 was 

resuspended in 50 µl of the same medium. Cells were then imaged as described in section 

1.5.2. 

1.4.2 Time-lapse movies  

Cells were grown as described in 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 manufacturerôs protocol. In brief, cells and media 

were first pipetted into the appropriate wells in the microfluidic bacteria plate. The 
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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 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 III, 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 II: 1024, Photometrics) or a CMOS camera (Prime 

95B, Photometrics). A 100×, NA 1.40, oil-immersion phase contrast objective (Plan Apo, 

Nikon) was used, as well as a 2.5× magnification lens (Nikon) in front of the camera. 

1.5.2 Acquisition of snapshots  

Cells were prepared for imaging as described in sections 1.3 (fixed cells) and 1.4.1 (live 

cells). The samples were then placed onto the microscopeôs 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, 

Cy5), 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 
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at 5-7 z-positions with steps of 300 nm. A set of images with multiple z-positions is denoted 

as an ñimage stackò, and the image of each z-position as a ñz-sliceò. 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 described in 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 slide 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 or 10 min. 
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2 DATA ANALYSIS  

2.1 Cell recognition and lineage tracking 

We used Schnitzcell (Young et al., 2012) to recognize cells in the phase-contrast channel 

of snapshots of live and fixed cells, as well as time-lapse movies. In every image stack 

(section 1.5), the z-slice with the largest variance of pixel values was identified as ñin focusò 

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 Spätzcell (Skinner et al., 2013) to recognize and quantify foci (ñspotsò) in the 

fluorescence images of live and fixed samples. Briefly, Spätzcell 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: position, area (ˊ times 



 64 

the major and minor axis of the fitted Gaussian), peak height (amplitude of the fitted 

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

Spätzcell 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 bound fluorescent proteins, 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 Spätzcell, namely identifying local maxima at different z-slices, as follows: For 

each z-slice, we performed á Trous wavelet three-plane decomposition and obtained the 

second wavelet plane (Hammar et al., 2014; Olivo-Marin, 2002). 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 used 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 

et al., 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). 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. S24A). 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 et al., 2013). Briefly, after 

discarding false positive spots (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. 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 (section 2.2.2), the majority of remaining FROS spots 

correspond to individual gene copies (Sepúlveda et al., 2016). Accordingly, the mean 

numbers of gene spots per cell was consistent with previously reported values and with the 

theoretically expected copy number at different genomic loci and growth rates (figs. 
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S2A,B). Under most experimental conditions, the smFISH procedure (section 1.3) resulted 

in only a minor loss (<10%) of FROS spots (fig. S2B).  

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 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. S24A). The fraction of 

twice-as-bright spots (10-20%) was consistent with the reported duration of sister-copy 

cohesion (Joshi et al., 2011; Nielsen et al., 2006; Nielsen et al., 2007). In time-lapse movies, 

we often observed the FROS spot intensity increasing prior to the spot splitting in two (fig. 

S24B), again consistent with the scenario of transient cohesion of replicated sister copies.    

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

2.3.1 Correcting for chromatic aberration  

The identification of nascent RNA relies on precisely identifying colocalized gene- 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. 

The correction for chromatic aberration was done as described in (Xu et al., 2015). Briefly, 

we imaged fluorescent beads (TetraSpeck, Fisher Scientific) using the same imaging 

parameters as the sample slides. In each imaged channel, the spots (individual beads) were 

recognized and localized using Spätzcell. The measured offset between bead centers in the 
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two channels (ȹx, ȹy) was well described by a linear function 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. 1B and 

fig. S3) 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. 

S6A). For wild-type Plac, 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. S3). The threshold value was also similar in two 

additional promoters (fig. S4). The gene-proximal RNA population disappears when the 

RNA positions are numerically randomized (fig. S28). Based on these observations, we 

classified each RNA spot, based on its distance to the nearest gene copy, as either ñnascentò 

(< 300 nm) or ñmatureò (Ó 300 nm). Similarly, each gene copy was classified as ñactiveò 

(presence of RNA spot within 300 nm) or ñinactiveò (absence of RNA spot within 300 

nm).  
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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 (section 2.2.3). The resulting value is denoted as 

ñnascent RNA per gene copyò. For each cell, the amount of nascent RNA was 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 ñnascent RNA per 

cellò.  

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

As mentioned in section 2.2.4, a fraction of gene spots correspond to unseparated sister 

loci rather than individual gene copies. Therefore, nascent RNA measured at 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, we performed the following 

calculation: We denote as Pnas(m) the true distribution of nascent RNA per copy, and use c 

to denote the fraction of gene spots that are unseparated sister copies. The observed 

distribution of nascent RNA per gene spot (assuming independent transcription from the 

two sister copies) can then be written as: Pnas,mix(m) = (1īc)Pnas(m)+c(Pnas(m)*Pnas(m)). To 

evaluate the difference between Pnas(m) and Pnas,mix(m), we used our experimentally 

estimated kinetic parameters (section 3.5.6) to calculate both distributions, and found them 

to be statistically indistinguishable within our experimental accuracy (data not shown).   
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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 ñfalse-nascent fractionò 

(Ŭ) is given by the probability, for a given mature RNA spot, of falling within the distance 

threshold of a gene spot. This can be estimated, from simple geometrical considerations, 

to be: 
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where NFROS is the (mean) number of gene copies per cell, r is the distance threshold 

(section 2.3.2), and Acell is the (mean) cell area. Ŭ is found to be around 10-20%, depending 

on the growth conditions, which affect both gene copy number and cell size.  

To validate our estimation of false nascent calling, we calculated Ŭ using an alternative 

approach. As described in section 2.3.2, the RNA-to-gene distance 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 falls left of the distance threshold, divided by the full area under that Gaussian (fig. 

S6A). We found that this procedure yielded estimates of Ŭ that were close to those obtained 

using the geometrical argument above (fig. S6B). 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. 
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Once we have estimated Ŭ, 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 

nascent, mature and total RNA per cell (denoted nasreal, matreal, tot) and the measured levels 

(nasmeasure, matmeasure, tot):  
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Correcting the distribution of nascent RNA per gene copy involves a more elaborate 

process, demonstrated in fig. S6C. We begin by considering that each gene-proximal RNA 

spot has a probability preal of being a real nascent RNA. Note that this probability may 

depend on the intensity of the RNA signal, as suggested by Fig. 1C. To evaluate preal, we 

write down the following relation between the counts of observed and real nascent and 

mature RNA signals at different intensity values: 
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Where ὅὍ  and ὅὍ  denote the counts of the corresponding species and ɖ 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 preal(I) as follows. For a given sample, the intensity data of 

measured nascent and mature RNA was binned to obtain ὅὍ  and ὅὍ . We then 
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solve for ὅὍ  and ὅὍ  using equation (3), calculate preal(I) at different intensity 

bins using equation (4), and fit it to a Hill function, reflecting the observation that a stronger 

gene-proximal RNA signal is more likely to be a true nascent one, at least in high 

expression samples (fig. S6C). In practice, we found that a ñflatò fit for preal(I) (i.e. using 

its mean value) yields similar results (data not shown).  

Finally, we use the calculated preal(I) for a given sample to correct the measured distribution 

of nascent RNA per gene copy. For each gene copy, we denote by I1, I2, é 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 é pn. There are in total 2n 

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. For a given gene copy i and combination j 

(j = 1 to 2n), Ni,j 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 Pnas(m) then becomes:  

 
,

,

nas

,

,

( )
i j

i j

N m

i j

i j

W

P m

W

=
=

ä

ä
  (5)  

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

consistent with each other (fig. S6D).  
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2.3.6 Correcting the histogram of active copy number  

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 (section 2.5.3 and fig. S29). We next 

define ὖ ὥ πȟρȟς to denote the observed frequency (probability) of cells having 0, 

1 or 2 active gene copies. To correct for false nascent identification (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 f0RNA the fraction of such cells 

in a given sample, and ὖ ὥ  the distribution of active copies in the remaining 

population. ὖ ὥ and ὖ ὥ obey the following relation: 
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Which we rewrite as: 
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Next, we write down the following relation between ὖ ὥ  and ὖ ὥ , the true 

distribution of active gene copies: 
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  (8) 

After obtaining ὖ ὥ , we incorporate back the cells without RNA and calculate 

ὖ ὥ, i.e. the corrected histogram: 
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  (9) 

2.3.7 Correcting the fraction of active gene copies, pon  

The fraction of active gene copies is plotted in Fig. 1F and fig. S7. Correcting pon for false 

nascent identification is similar to the procedure above for correcting the histogram of 

active gene copies (section 2.3.6). We denote as ὖ ὥ the measured frequencies of 

individual being inactive ὥ π or active ὥ ρ before excluding cells with no RNA, 

and ὖ ὥthe corresponding values after excluding those cells (a fraction f0RNA of the 

population). These observables are related through:   
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Which we rewrite as:  
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ὖ ὥ describes the frequencies of gene activities after zero-RNA cell exclusion. Its 

relation to the observed frequencies follows:  
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After calculating ὖ ὥ , we incorporate back the cells without RNA and calculate 

ὖ ὥ:  
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The corrected pon is equal to ὖ ὥ ρ. 

2.4 Identifying 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 (section 2.1) and spot recognition (section 2.2) were performed as 

described above, followed by correcting for chromatic aberration (section 2.3.1) and co-

localization analysis of the gene and RNA signals (section 2.3.2), as in fixed cells. After 

examining the RNA-to-gene distance histograms in multiple samples (fig. S5C), 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 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 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 (data not shown). 

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 section 2.1. As part of the output of Schnitzcell, each branch of 

a cell lineage (called a ñschnitzò) tracks a cell from birth to division. For recognizing spots 

and identifying active gene copies, we first treated the time-lapse frames as snapshots 
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(section 2.4.1), and then incorporated the spot measurements into the original ñschnitzò to 

keep track of cells, gene copies and RNA simultaneously. The following properties of the 

updated ñschnitzò 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 (section 2.7.3 and fig. S24B). In our analysis, we only included 

those ñschnitzsò 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 section 2.2.3, and the nascent RNA number per gene copy was obtained as 

described in section 2.3.3. The measured nascent RNA number per cell was obtained by 

multiplying by the average gene copy number, measured as described in section 2.2.4. The 

nascent RNA number per cell was then corrected for false-nascent classification as 

described in section 2.3.5. For non-steady-state (induction) data, to convert the nascent 

RNA number from per-gene-copy to per-cell, we first divided the total RNA number per 

cell by the nascent RNA number per copy (for the first 10 time points, where all RNA in 

the cell is nascent) and obtained the average ñscale factorò (equivalent to the average gene 
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copy number per cell). We then multiplied the nascent per gene copy values by the scale 

factor, to convert nascent RNA number from per-gene-copy to per-cell. The nascent RNA 

number per cell was then corrected for false-nascent classification as described in section 

2.3.5. The number of mature RNA 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 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 section 2.3.5. 

2.5.3 Gating cells with one or two gene copies 

The data presented in Figs. 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 section 2.2.4. We then plotted the 

gene copy number of each cell versus the cell length (fig. S29). In that plot, the doubling 

of the average gene copy number, corresponding to gene replication during the cell cycle, 

can be observed. 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 where one copy was missed. Similarly, cells were designated as 
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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 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 section 2.3.3. Cells with two gene copies 

were gated as described in section 2.5.3. The correlation in activity states of the two copies 

was calculated using:  

 
i j

ij i j
r

-
=

ss
  (14) 

where i and j represent 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 (fig. S19), as 

well as the corresponding ñextrinsic noiseò, using the definition in (Elowitz et al., 

2002)(fig. S22). 

2.6.2 Time-lapse movies 

We tracked the activity (0/1) of individual gene copies in the cell over time, as described 

in section 2.4.2. The cross-correlation between the two gene copies in the same cell copies 

was calculated as:  
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where i(t) and j(t) are the activities of the two gene copies in the same cell, N is the number 

of time points in the time series, and Ű is the lag time. As controls, we also calculated the 

corresponding cross-correlation for randomly shuffled data for each gene copy (data not 

shown).  

2.7 Analyzing cell-cycle data  

2.7.1 Estimating the gene replication time using sister-copy cohesion  

Sister-copy cohesion was discussed in section 2.2.4. In smFISH experiments, plotting the 

intensity of individual gene spots versus cell length (Figs. 4A,C and fig. S25) revealed 

peaks, corresponding to the cell-cycle phase with the highest occurrence of unseparated 

sister copies, i.e. immediately following gene replication (Joshi 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 2nd degree polynomial 

(capturing slower changes along the cell cycle): 

 
2 2

1 2( ) ( ) 2

1 2 1 2 3

v x a v x b
y u e u e w x w x w

- - - -
= + + + +  (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. S25, the estimated cell lengths of gene 

replication exhibited the expected dependence on genomic locus.  
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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., for 

unrepressed PR, Fig. 4B and fig. S25), we fitted the data to the sum of two Hill functions, 

corresponding to two rounds of gene replication:  
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  (17) 

The parameter n2 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 et al., 2016), 

and this is indeed what our analysis shows (figs. S25, S26).  

For datasets exhibiting a pulsatile response to the event of gene replication (e.g. Plac, Fig. 

4D and figs. S25, S26), we modified the fit by adding two Gaussians centered at the half-

maximum points of the Hill functions:  
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  (18) 

The magnitudes of the Gaussian functions (u1, u2) were used to estimate the effect of gene 

replication on transcription (Fig. 4G and fig. S26).  

2.7.3 Estimating gene replication in time-lapse movies 

Sister-copy cohesion was discussed in 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 

(section 2.4.2). For each ñschnitzò fulfilling our gating criteria (section 2.4.2), we then 
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manually identified the time point at which that intensity approximately doubled (fig. 

S24B). This point was estimated to be the gene replication time.  
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3 MODELING  

3.1 ODE version  

3.1.1 Model description 

Our model for mRNA kinetics is depicted in Fig. 2A. Following (Xu et al., 2016), the 

model aims specifically to predict the fluorescent signal from smFISH 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, which includes the following features. Transcription 

initiation occurs at a rate k, followed by transcript elongation at speed v, to a final length L 

(Xu et al., 2016). Upon completion, nascent mRNA is released from the gene to become 

mature mRNA. Both nascent and mature mRNA can be degraded, with degradation 

initiated at rate d and proceeding from the 5ô end of the transcript at speed v (Chen 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 et al., 

2015). 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 tob = 0. The total mRNA signal corresponding to position n consists of 

transcripts initiated in the past from īÐ to īt0 (with t0 = n/v), and which have not been 

degraded. Transcription events that initiated after īt0 have not reached position n yet. The 

probability of no degradation initiation events until time īt0 for the transcript that initiated 
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at time Ű is Ὡ . If transcript degradation starts after īt0, position n would not be 

degraded yet. Similarly, the nascent mRNA signal corresponding to position n consists of 

transcripts that initiated from īT (T = L/v) to īt0, and the mature mRNA signal 

corresponding to position n consists of transcripts that initiated from īÐ to īT. We thus 

write: 
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In our experiments, mRNA is labeled using smFISH probes covering a region of the 

transcript (Skinner et al., 2013). The total, nascent and mature mRNA signals 

corresponding to a given range from n1 to n2 on the gene (normalized by the length of the 

whole gene, L) are denoted by totp(n1, n2), nasp(n1, 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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From the equations above, we can calculate the ñnascent-to-total ratioò, i.e., fraction of 

mRNA in the cell that is nascent, as follows:  
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Specifically, equation (21) can be used to estimate the transcript elongation speed from the 

measured nascent-to-total ratio. In fig. S10, this was done for different Plac 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 Ó 0) after ñturning onò (inducing) the promoter, are denoted by totp(n, t), 

nasp(n, t), and matp(n, t). The observation time is denoted by tob, and the promoter is turned 

on at time tob ī t. Without loss of generality, we set tob = 0. The total mRNA signal is zero 

when t < t0 (t0 = n/v). When t Ó t0, the total mRNA signal consists of transcripts that initiated 

in the past from īt to īt0. The mature mRNA signal stays at zero when t < T (T = L/v). 

When t Ó T, the mature mRNA signal consists of transcripts that initiated from īt to īT. 

All mRNAs are nascent before the appearance of first mature mRNA (t < T). When t Ó T, 

the nascent mRNA signal reaches steady-state, consisting of transcripts that initiated from 

īT to īt0. We thus write: 
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  (22) 

The total, nascent and mature mRNA signals corresponding to a given range n1 to n2 on the 

gene, at time t after turning on the promoter, are denoted by totr(n1, n2, t), nasr(n1, n2, t), 

and matr(n1, n2, t). Similarly to the steady-state case, these signals are the integrals of totp(n, 

t), nasp(n, t), and matp(n, t) over the labeled region, i.e. 
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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 totp(n, t), nasp(n, t), and matp(n, t), respectively. The 

observation time is denoted by tob, and the promoter is ñturned offò at time tob ī t. Without 

loss of generality, we set tob = 0, and the promoter is turned-off at time īt. The total mRNA 
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signal remains at the steady-state level for t < t0. When t Ó t0, the total mRNA signal consists 

of transcripts that initiated fromīÐ to īt. The mature mRNA signal remains at the steady-

state level for t < T (T = L/v). When t Ó T, the mature mRNA signal consists of transcripts 

that initiated from īÐ to īt. The nascent mRNA signal remains at the steady-state level for 

t < t0 (t0 = n/v). When t Ó t0, the nascent mRNA signal consists of transcripts that initiated 

from īT to īt. When t Ó 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: 
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The total, nascent and mature mRNA signals corresponding to a given range from n1 to n2 

on the gene, at time t after turning off the promoter, are denoted by totr(n1, n2, t), nasr(n1, 

n2, t), and matr(n1, n2, t). These signals are the integrals of totp(n, t), nasp(n, t), and matp(n, 

t) over the labeled region, i.e. 
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The steady-state and non-steady-state cases are related by the following simple equations:  
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  (26) 
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3.1.5 Fitting procedure 

Figs. 2B,C depict the results of fitting the model above to experiments where the 

population-averaged levels of nascent and total mRNA were measured at different times 

after inducing (using IPTG) Plac. The fitting involves 4 unknown parameters: v, d, k, and 

dl. The latter represents the small unknown time delay between adding the inducer/inhibitor 

and their taking effect, as well as the possible delay involved in chemically fixing the cells 

(section 1.3). We use tô to denote the time between adding the inducer/inhibitor and taking 

out the samples. The equations for the time-dependent signals thus become: 
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  (28) 

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 mRNA at the steady state) from 5 to 25 , with a linear 

interval 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-squared value between model prediction and the measured total and 
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nascent mRNA per cell at all time points. The best parameter combination was defined as 

the one with the best R-squared value.  

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 Plac induction in glycerol (Fig. 2C 

and fig. S12). To explain the experimental data, we hypothesized (in a variation on (Llopis 

et al., 2010)) that a fraction of mature mRNA 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 mRNA molecules that are retained at the gene. For steady state, we use 

nasôr(n1, n2) to denote the measured resident (gene-proximal) 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 mRNAs retained at the gene. matôr(n1, 

n2) now denotes the cytoplasmic population, corresponding only to those mature mRNAs 

that were released from the gene. The two mRNA species obey:  
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We can similarly obtain the kinetics of resident and cytoplasmic mRNA during promoter 

induction from the values calculated in the original model (section 3.1.3):    
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When examining mRNA kinetics following inhibition of transcription initiation in glycerol 

(fig. S13E), we observed that the level of cytoplasmic mRNA 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 mRNA 

kinetics (again in terms of the calculated kinetics in the original model, section 3.1.4): 
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which show good agreement with the experimental data (fig. S13E).  

3.3 A model without co-transcriptional degradation 

Our original model above (section 3.1) assumes that both nascent and mature mRNA is 

subject to degradation (Chen et al., 2015). 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 īÐ to īT, and which have not been 

degraded at the observation time point. Now, however, initiation events happening at tŗ 

(īŜ, īT ī t0) and (īT ī t0, īT) 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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Using the same reasoning as in 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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And finally, for the labeled region (n1, n2) of the gene, we find: 
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Fig. S11 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 mRNA 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 section 3.1 is one where, upon initiation 

of mRNA degradation, the transcript is degraded instantaneously, rather than gradually 

with speed v (Skinner et al., 2016). At steady state, the total mRNA signal consists of 

transcripts that initiated from īÐ to īt0, which have not been degraded. Similarly, the 

nascent mRNA signal consists of transcripts that initiated from īT to īt0, which have not 

been degraded, and the mature mRNA signal consists of transcripts that initiated from īÐ 

to īT, which have not been degraded. We thus write: 
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Using the same reasoning as in 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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And finally, for the labeled region (n1, n2) of the gene, we find: 
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Fig. S11 compares the relative success of the two model variants, namely with finite and 

infinite degradation speeds, in predicting mRNA kinetics following gene induction; 

specifically, the difference between mRNA 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 (Figs. 2F,G), we formulate a stochastic version of the 

model for mRNA kinetics. In addition to the features described in section 3.1 above, the 

stochastic model includes promoter switching between ñONò and ñOFFò states, with 

probabilistic rates kon and koff. 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 ñONò and 

ñOFFò periods seen in our time-lapse movies (Fig. 2E and fig. S14). In formulating and 

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

3.5.2 Total mRNA  

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

degradation, mRNA levels are described in the model as continuous, rather than discrete. 

Following (Xu et al., 2016), we define the contribution function g(t) as the signal from a 

single mRNA that initiated at time t (t < 0) and has not yet begun to be degraded. We set 

the observation time tob = 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

g t
T

-
=   (38) 

If we are using smFISH probes to label only part of the full gene, we use t2 and t3 (t2, 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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3.5.2.2 The chemical master equations. First, we need to write the Chemical Master 

Equations (CME) that describe the time evolution of the probability Pi,m of the promoter 

being in state i (1 = off, 2 = on) and the number of mRNA being m. This CME takes the 

form:  

 

( )d d

1,

on 1, off 2,

0
2,

on 1, off 2, ini 2, 2, ( ) 2, ( ) ( ) d

m

m m

m k t k

m m m m g t m g t g t
t

dP
k P k P
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dP
k P k P k P P e P k e d

dt

t

- - + -t
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= - - - - tñ

  (40) 

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 P2,m 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 ï g(t)). The second and third terms represent the 

increase of P2,m at t = 0 caused by transcription initiation events happening at a state 

different from (2, m), i.e., jumps from (2, m ï g(t) + g(tīŰ)) to (2, m). Specifically, the non-

integration term represents mRNAs that have not begun degradation at the observation 

time, whereas the integration term represents mRNAs that have started degradation before 

the observation time.  

We next rewrite the CME above in matrix form: 
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Here,  
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ȹm is the discretization of m, with ȹm Ḻ 1, and ȹt is the time step. When t > īt3,  
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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 et al., 2013). This involves truncating the transition matrix Q into a finite matrix Qô 

(section 3.5.6). For the steady state solution, we use tob to denote the observation time point, 

and assume that the promoter was turned on at time tob ī Ð. Without loss of generality, we 

set the observation time tob = 0. To calculate the distribution at the observation time, we 

propagate from P(īÐ) (or a large enough number, in practice we use īT ī 5/kd) to P(0), 

using the transition matrix Qô, thus: 

 

 (or a large number)

(0) ( )...( )( ) ( )t t t

¤

= + D + D + D -¤P I Q' I Q' I Q' P   (45) 

with I  being the unit matrix, and ȹt the time step. The initial state is given by: 
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In the non-steady state case of promoter induction, we use tob to denote the observation 

time point, and assume that the promoter was turned on at time tob ī t (t > 0). Without loss 

of generality, we set the observation time tob = 0. To calculate the distribution at the 

observation time, we propagate from P(īt) to P(0) using the transition matrix Qô with the 

same initial state as above: 
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Once we calculate P(0), it is straightforward to calculate the distribution of mRNA number 

P(m) using equation (42).  

3.5.3 Nascent mRNA  

The chemical master equations are the same as above (equation (41)). The calculation in 

this section follows (Xu et al., 2016). As in the ODE model, we begin by noting that nascent 

mRNA molecules at any given observation time tob come from initiation events that 

happened in the time window tob ī T to tob (T is the time to transcribe the full gene). With 

no loss of generality, we set tob = 0.  

At steady state, P(0) is obtained by time-propagating from īT to 0. In the non-steady state 

case of promoter induction, we set the observation time to tob = 0 and assume that the 

promoter was ñturned onò at time īt (t > 0). If īt < īT, nascent mRNA already reached 

steady state level at tob = 0. If īT Ò īt, nascent mRNA has not reached steady state at tob = 

0. In that case, we time-propagate from P(īt) to P(0) to calculate the nascent mRNA 

distribution.  

3.5.4 Mature mRNA 

The chemical master equation is same as above (equation (41)). As in the ODE model, we 

begin by noting that mature mRNA molecules at any given observation time tob come from 

initiation events that happened in the time window īÐ to tob ī T (T is the time to transcribe 

the full gene). With no loss of generality, we set tob = 0. 
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At steady state, P(īT) is obtained by time-propagating from īÐ (or a large number) to īT. 

In the non-steady state case of promoter induction, we set the observation time to tob = 0 

and assume that the promoter was ñturned onò at time īt (t > 0). If īt < īT, we time-

propagate from P(īt) to P(īT) to calculate the mature mRNA distribution. If īT Ò īt, all 

mRNAs are nascent, hence the mature mRNA distribution is in the form of equation (46).  

3.5.5 A revised model with mature mRNA retention 

To form a stochastic version of the mRNA retention model (section 3.2), we assume that 

each mRNA 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, Ptot(m). As for the resident mRNAs (true 

nascent plus retained mature mRNAs), it is obtained as follows: (1) We first calculate the 

contribution from the retained mature mRNAs by time-propagating from īÐ to īT using 

the CME. We need to reset the kini to prkini because only a fraction of the initiated mRNAs 

will be retained. (2) To add the contribution from true nascent mRNA, we then continue 

propagating the resulting distribution of (1) from īT to 0 with the original kini.  

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 mRNA distributions under a broad range 

of possible parameters, {kon, koff, kini} . Specifically, we scanned kon and koff from 10-3 to 10-

2 min-1, with a log-interval of 100.25 min-1, and scanned kini from 0 to 120 min-1, with a linear 

interval of 5 min-1 (Adomas et al., 2008; Sanchez and Golding, 2013; Skinner et al., 2016). 
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The values of other parameters in the model, namely the elongation speed vel, the rate of 

degradation kd, and the time delay dl, were imposed from the ODE fitting procedure 

(section 3.1). Fitting the glycerol data required 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 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 (equation (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,G 

and figs. S15-S17).  

The theoretical distributions calculated from our model correspond to the 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 (30зC, doubling time å 150 min), cell-

cycle parameters were such it was feasible to include only single-gene-copy cells in the 

analysis (section 2.5.3 and figs. S16, S29).  

In the case of glucose (37ÜC, doubling time å 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 in (Sepúlveda et al., 2016) and fitted the 
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experimental total mRNA distribution (from all cells in the 5-95 percentile of cell length) 

to a model for a mixed copy-number population:  

 tot,mix tot tot tot( ) (1 ) ( ) ( ( )* ( ))P m P m P m P mb b= - +   (48) 

where Ptot(m) is the single-copy prediction, and ɓ 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 in glucose (Fig. 3B).  

Another feature, added to improve the fitting of the experimental data, is the presence of a 

small fraction of gene copies, f0, which are always inactive. This ñzero spikeò has been 

observed previously in single-cell mRNA measurements (Chong et al., 2014). In our 

glucose data, the fraction of inactive gene copies was estimated to be å 20% (Fig. 2F and 

fig. S15). In our glycerol data, this feature is less obvious, with a value of less than 10% 

(Fig. 2G and fig. S16).  

Finally, to compare our calculated copy-number distributions to experimental data and 

obtain the best-fit parameter values, we used maximum likelihood estimation (Adomas et 

al., 2008; Neuert et al., 2013; Sepúlveda et al., 2016; Skinner et al., 2016; Xu et al., 2015). 

Briefly, for a given parameter set (K = {kon, koff, kini, f0, pr} for glycerol, K = {kon, koff, kini, 

f0, ɓ} for glucose), we can write the probability of observing n nascent mRNAs per gene 

copy, Pnas(n|K ), and similarly the probability of observing m total mRNAs per cell, 

Ptot(m|K ). The likelihood of K  for a set of observations n = {n1, n2, é nN}, m = {m1, m2, é 

mM} is then defined as: 
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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:   

 best argmax( ( ))L=
K

K K   (50) 

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. Cell segmentation, spot recognition and the identification of active transcription  

Representative images of cells in three growth conditions. Cell segmentation (yellow outline) was performed 

on the phase contrast images as described in section 2.1. Recognition of foci in the fluorescence channels 

(gene locus, cyan; mRNA, red) was performed as described in section 2.2. Identification of active 

transcription was done as described in section 2.3. Applying a distance threshold (here, 300 nm, the radius 

of cyan circles) allows classifying mRNA signals into nascent (white circles with red outline) and mature 

(solid red circles). Likewise, gene copies are classified into active (white circles with cyan outline) and 

inactive (solid cyan circles).  
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Figure S2. Characterizing the performance of the FROS system  

(A) (Left) Fixed cell images of the FROS system labeling different genomic loci: ori (strain JZ564), lac 

(strain MW821), ter (strain JZ534). Cells were grown at 30ÁC in LB. (Right) Newborn cells (ñshort cellsò, 

blue, length percentile 5 to 20) contain about half the number of lac copies compared to cells about to divide 

(ñlong cellsò, yellow, length percentile 80 to 95), and the number of copies follows the expected trend with 

the distance from the replication origin. Copy number values are mean ± SD from 2-4 samples. (B) A 

comparison between the theoretically predicted lac locus copy number (Bremer and Churchward, 1977, Park 

et al., 1987) and the measured values in live and fixed cells, at three growth conditions (LB and glycerol: 

strain MW821; glucose: strain MW838; mean ± SD from 2-13 samples). (C) A Comparison of the growth 

rate between strains with (LB and glycerol: strain MW821; glucose: strain MW838) and without FROS (LB 

and glycerol: strain MG1655; glucose: strain TK310), at three growth conditions (mean ± SD from two 

samples). (D) A comparison of the total lacZ mRNA number per cell between the strain with (glycerol: strain 

MW821; glucose: strain MW838) and without FROS (glycerol: strain MG1655; glucose: strain TK310), at 

different growth conditions (mean ± SEM, glucose: 836-3896 cells per sample; glycerol: 1570-62878 cells 

per sample).  
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Figure S3. Identifying active transcription from Plac  

(A) The distribution of lacZ mRNA-to-gene distance for wild-type Plac (N = 814-1131 cells per sample). 

Cells (strain MW821) were grown at 30°C in LB with varying concentrations of IPTG. (B) Same as in panel 

A, except that cells (strain MW838) were grown at 37°C  in glucose with 1 mM cAMP and varying 

concentrations of IPTG (N = 1379-1445 cells per sample). (C) Same as in panel A, except that cells (strain 

MW821) were grown in at 30°C glycerol, with varying concentrations of IPTG (N = 1602-2527 cells per 

sample).
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Figure S4. Identifying active transcription from PlacI and PR  

(A) The distribution of mRNA-to-gene distance for wild-type PlacI (N = 857 cells). Cells (strain MW821) 

were grown at 30°C in LB. (B) The distribution of RNA-to-gene distance for PR-24MS2bs (N = 1387 cells). 

Cells (strain JZ634) were grown at 30°C in LB. (C) The intensity of lacI mRNA signal intensity as a function 

of the distance from the lac locus. Raw data (grey dots) were binned (black markers) and fitted to a Hill 

function (black line). Same dataset as in panel A. (D) The intensity of PR-24MS2bs transcript signal as a 

function of the distance from the lac locus. Same dataset as in panel B.  
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Figure S5. Identifying active transcription in live cells  

(A) The gene locus is detected through TetR-mCherry binding to the nearby tetO array. The endogenous 

gene sequence downstream of the promoter was replaced by an array of MS2 binding sites (MS2bs), and the 

transcribed RNA was detected by MS2-GFP binding. (B) The probability of gene copies being active (pon) 

decreases significantly at å10 min after rifampicin treatment (mean ± SEM, N = 756 and 885 cells per sample). 

Cells (strain JZ162) were grown at 37°C in LB. Rifampicin was added to 500 µg/ml. (C) The distribution of 

RNA-to-gene distance for PR-24MS2bs (lysogen: strain JZ108; non-lysogen: strain JZ162) and Plac-48MS2bs 

(LB: strain JZ349; Glucose: JZ355). Data from N = 711-1478 cells per sample. A distinct population of gene-

proximal RNA exists in the high-expression samples (PR: non-lysogen; Plac: LB with 1 mM IPTG, glucose 

with 1 mM IPTG and 10 mM cAMP), but not in the low-expression ones (PR: lysogen; Plac: LB without IPTG, 

glucose with 1 mM IPTG without cAMP). (D) pon for PR in live cells (mean ± SEM, N = 711 and 857 cells 

per sample). Cells (lysogen: strain JZ108; non-lysogen: strain JZ162) were grown at 30°C in LB. (E) pon for 

Plac in live cells (mean ± SEM, N = 96-212 cells per sample). Cells (strain JZ355) were grown at 37°C in 

glucose with 1 mM IPTG and varying concentrations of cAMP.  
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Figure S6. False-nascent correction  

(A) Fitting the distribution of mRNA-to-gene distance to a sum of two Gaussians. The fit was used to estimate 

the false-nascent fraction (Ŭ), i.e. the fraction of mature mRNA falsely classified as nascent mRNA, using 

the ratio of the pink shaded area to the whole area under the magenta curve. Cells (strain MW821) were 

grown at 30ÁC in glycerol with 100 ɛM IPTG (N = 2367 cells). (B) A comparison of two different ways of 

estimating the false-nascent fraction: fitting mRNA-to-gene distance histogram, versus using the geometry 

of the cell. See section 2.3.5 for details. Data is from cells grown in various conditions (LB at 30°C, glucose 

at 37°C, glycerol at 30°C). Only data with fitting R-squared value > 0.9 are included. (C) Estimating the 

probability of being a true nascent mRNA (method #2 in section 2.3.5). The method consists of plotting the 

distribution of observed nascent and mature mRNA signal intensities (left), then solving for the distribution 

of true nascent mRNA signal (middle), and obtaining the relationship between the probability of being true 

nascent (preal) and the mRNA spot intensity (right). preal increases with the spot intensity. Cells (strain 

MW838) were grown at 37°C in glucose with 1 mM IPTG and 1 mM cAMP (N = 1284 cells). (D) A 

comparison of two different ways of estimating the true level of nascent mRNA. Method #1: correcting the 

mean; method #2: correcting the distribution of mRNA numbers. See section 2.3.5 for details. The corrected 

nascent lacZ mRNA numbers per cell, using the two different methods, are plotted against each other. Data 

is from cells grown in various conditions (LB at 30°C, glucose at 37°C, glycerol at 30°C).  
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Figure S7. Additional measurements of nascent RNA and pon  

(A) pon and nascent lacZ mRNA number per cell for wild-type Plac (mean ± SEM, N = 1235-4362 cells per 

sample). Cells (strain DB1738) were grown at 30°C in glycerol, with varying concentrations of IPTG. (B) 

Same as in panel A (mean ± SEM, N = 814-1131 cells per sample), except that cells (strain MW821) were 

grown at 30°C in LB. (C) pon for PlacI (strain MW821) and PR in the presence (lysogen, strain JZ620) or 

absence (non-lysogen, strain JZ634) of phage ɚ (mean ± SEM, N = 928-1362 cells per sample). Cells were 

grown at 30°C in LB (with 1 mM IPTG for PlacI). 



 115 

 

Figure S8. Comparison of different estimates for RNA elongation speed  

(A) The kinetics of total lacZ mRNA per cell (5ô and 3ô regions) during an induction experiment. Cells (strain 

MW838) were grown at 37°C in glucose with 1 mM cAMP, and IPTG was added to a final concentration of 

1 mM at t = 0 s. The time delay between the appearance of the 5ô and 3ô signals provides an estimate of the 

mRNA elongation speed (vel). (B) Same as panel A, except that cells (strain MW821) were grown at 30°C in 

glycerol, and IPTG was added to a final concentration of 100 ɛM at t = 0 s. (C) A comparison of the reported 

RNA elongation speeds from the literature and the values measured in this study (mean ± SD for Chen et al., 

2015; mean ± SEM for Proshkin et al., 2010; mean ± SD from two experiments for this study).  
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Figure S9. Comparison of different estimates for RNA degradation rate 

(A) The kinetics of total lacZ mRNA per cell (normalized to the first time point) following rifampicin 

treatment (mean ± SEM, N = 1057-2863 cells per time point). Fitting the data to an exponential decay yields 

the mRNA lifetime (the reciprocal of the exponent). Cells (strain MW838) 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 

ɛg/ml at t = 0 s. (B) Same as in panel A (mean ± SEM, N = 1031-4426 cells per time point), except that cells 

(strain MW821) were grown at 30ÁC in glycerol with 100 ɛM IPTG. (C) A comparison of the reported RNA 

degradation rates from the literature and the values measured in this study (mean ± SD for Chen et al., 2015 

and Moffitt et al., 2016; mean ± SEM for So et al., 2011; mean ± SD from two experiments for this study).   
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Figure S10. mRNA elongation speed increases with 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 mRNA elongation speed does not depend on the 

expression level (section 3.1.2). Red line, a linear fit of the experimental data. Cells (strain MW838) were 

grown at 37°C in glucose with varying concentrations of IPTG and cAMP (N = 607-2084 cells per sample). 

(B) The mRNA elongation speed (vel) as a function of lacZ expression, estimated from the data in panel A 

using the theoretical model for mRNA kinetics (section 3.1.2). Red line, a linear fit.  
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Figure S11. Testing alternative models of mRNA degradation 

Plotted is the difference in signal between the 5ô and 3ô regions of lacZ mRNA during induction in glucose 

(same dataset as in Fig. 2B). Cells were grown at 37°C in glucose, with 1 mM cAMP. IPTG was added to a 

final concentration of 1 mM at t = 0 s. The experimental data (black markers) is fitted to three different 

versions of the theoretical model (red line, see sections 3.1, 3.3 and 3.4 for detail): Left, the original model, 

where nascent mRNA is degraded, and the degradation speed is equal to the mRNA elongation speed. Middle, 

an alternative model where mRNA 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, mRNA is degraded immediately). It is seen that only the original model (left) 

successfully reproduces the experimental data.  
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Figure S12. A model without mature mRNA retention fails to reproduce mRNA kinetics in 

glycerol 

The kinetics of total, nascent and mature lacZ mRNA per cell following the addition of 100 ɛM IPTG at t = 

0 s to cells (strain MW821) grown at 30°C in glycerol (same dataset as in Fig. 2C). Markers, smFISH 

measurements of the 5ô (red) and 3ô (blue) regions of the gene. Lines, fit to the model of mRNA kinetics 

without mature mRNA retention.   
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Figure S13. Evidence for mature mRNA retention in glycerol 

(A) A centrifugation step in the fixation does not affect the measured total lacZ mRNA numbers per cell 

(mean ± SD from two experiments, see section 1.3). Cells (strain MW821) were grown at 30°C in glycerol 

with 100 ɛM IPTG. (B) (Top) When using fixation without centrifugation, no 5ô enrichment is observed in 

the gene-proximal mRNA, indicating the presence of mature (complete) transcripts. The peak heights of 

individual lacZ mRNA signals (5ô region and 3ô region) is plotted versus the mRNA-to-gene distance. An 

overlapping set of smFISH probes (bottom) is used as a control (N = 1158 and 1669 cells per sample). Cells 

(strain MW821) were grown at 30ÁC in glycerol with 100 ɛM IPTG. (C) When centrifugation is included in 

the fixation step, 5ô enrichment can be seen (black arrow), indicating the presence of partial (actively 

transcribed) mRNA in the gene-proximal population. N = 1542 and 1978 cells per sample. (D) A comparison 

of the measured nascent-to-total ratio for lacZ mRNA with or without centrifugation. Data obtained with 

centrifugation agrees with the theoretical prediction (dashed line, see section 3.1.2), whereas data without 

centrifugation yields higher-than-expected values, consistent with mature mRNA retention. Cells (strain 

MW821) were grown at 30°C in glycerol supplemented with varying concentrations of IPTG (data from six 

experiments, N = 1028-4426 cells per sample). (E) The kinetics of the total, nascent and mature lacZ mRNA 

per cell, following rifampicin treatment. Data (markers, mean ± SEM from two experiments) was fitted to a 

model (lines) where mature mRNA retention stops after the addition of rifampicin (section 3.2). Cells (strain 

MW821) were grown at 30ÁC in glycerol with 100 ɛM IPTG. Rifampicin was added to a final concentration 

of 500 ɛg/ml at t = 0 s. (F) The fraction of active gene copies (pon) for Plac-48MS2bs with and without 

centrifugation (4500 g, 5 min), measured in live cells (mean ± SEM, N = 138-272 cells per sample). The 

glycerol sample (strain JZ145, 37°C, with 1 mM IPTG) shows a decrease in pon following centrifugation, 

whereas LB sample (strain JZ349, 30°C, with 1mM IPTG) shows no such decrease. 



 123 

 

Figure S14. The distributions of gene ON and OFF durations 

The distributions of ñONò and ñOFFò durations for individual copies of Plac (LB: strain JZ349; glucose: strain 

JZ355; glycerol: JZ145) and PR (strain JZ162) under different growth conditions. Markers, experimental data 

(N = 40-153 events per distribution). Solid lines, fit to an exponent, allowing an estimate of the probabilistic 

rates of promoter switching.   
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Figure S15. Fitting mRNA distributions to the stochastic model (induction experiment, 

glucose) 

The complete version of Fig. 2F (N = 519-1430 cells per time point). The distributions of total lacZ mRNA 

number per cell and nascent lacZ mRNA number per gene copy, at different times following induction. Grey 

bars, experimental data. Solid lines, fit to the stochastic model (section 3.5).    
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Figure S16. Fitting mRNA distributions to the stochastic model (induction experiment, 

glycerol) 

The complete version of Fig. 2G (N = 83-389 cells per time point). The distributions of total lacZ mRNA 

number per cell and nascent lacZ mRNA number per gene copy, at different times following induction. Grey 

bars, experimental data. Solid lines, fit to the stochastic model (section 3.5).    
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Figure S17. Fitting mRNA distributions to the stochastic model (steady-state, glucose) 

The distributions of total lacZ mRNA number per cell and nascent lacZ mRNA number per gene copy, at 

different expression levels (N = 572-1538 cells per sample). Grey bars, experimental data. Solid lines, fits to 

the stochastic model (section 3.5). The estimated kinetic parameters are plotted in Fig. 2H. Cells (strain 

MW838) were grown at 37°C in glucose with 1 mM cAMP and various concentrations of IPTG. 
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Figure S18. Estimated kinetic parameters for Plac 

(A) The estimated rate of Plac switching to the active state (kon, black) and the transcriptional burst size (b, 

grey), as a function of IPTG concentrations, for cells (strain MW821) grown at 30°C in LB, with varying 

concentrations of IPTG. Data from 949-1350 cells per sample. Error bars represent the range of estimated 

parameters from the top 0.2% likelihood fitting results. (B) Same as in panel A, except that cells (strain 

MW821) were grown at 30°C in glycerol. Data from 525-1601 cells per sample. (C) The estimated rate of 

switching to the active state (kon) and to the inactive state (koff) for Plac, measured in live cells (strain JZ349) 

grown at 30°C with (empty bar) or without (solid bar) 1 mM IPTG (mean ± SEM, N = 60-111 events per 

experiment).  
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Figure S19. The correlation between nascent mRNA levels of two gene copies 

The nascent lacZ mRNA number of two sister copies, plotted against each other. (Left) Cells (strain MW838) 

grown at 37°C in glucose with 1 mM cAMP and 1 mM IPTG (N = 566 cells). (Right) Cells (strain MW821) 

grown at 30ÁC in glycerol with 100 ɛM IPTG (N = 571 cells).  
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Figure S20. Different copies of PR are correlated in glycerol, but not in LB 

The distributions of number of active PR copies, in cells having two copies of the reporter gene. Grey bar, 

experimental data. Red line, fit to a binomial distribution. Cells (strain JZ634) were grown at 30°C in LB 

(left, N = 389 cells) or glycerol (right, N = 242 cells). 
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Figure S21. The dependence of gene-copy correlation on genomic locus and growth rate  

The correlation between sister gene copies in the same cell for wild-type Plac, Plac-24MS2bs and PR-24MS2bs 

at different genomic locations (ori, lac, hyc, ter) and different growth rates. Markers represent individual 

samples from multiple experiments and bars represent mean ± SEM. To achieve different growth rates, the 

following growth conditions were used: 30°C in LB, 37°C in glucose, and 30°C in glycerol.  
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Figure S22. The dependence of nascent mRNA noise on the expression level 

The levels of nascent lacZ mRNA from two sister Plac copies in the same cell were used to calculate the total, 

extrinsic, and intrinsic noise levels, as defined in Elowitz et al., 2002. It is seen that, in glycerol, the extrinsic 

noise is a significant part of the total noise, whereas in glucose, noise is dominated by the intrinsic component. 

Dashed lines are fit of the intrinsic noise data to ώ ὥȾὼ ὦ, following Elowitz et al., 2002. (Left) Cells 

(strain MW838) were grown at 37°C in glucose with 1 mM cAMP and varying concentrations of IPTG (N = 

607-3316 cells per sample). Error bars were obtained by bootstrapping. (Right) Cells (strain MW821) were 

grown at 30°C in glycerol with varying concentrations of IPTG (three experiments, N = 1049-3781 cells per 

sample). 
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Figure S23. Gene-copy correlation does not depend on the distance between the two copies or 

cell length 

(Left) Cells with two gene copies were separated into two groups based on the spatial distance between the 

two gene copies (smaller or larger than the median distance between two copies). The correlation in Plac 

activity is similar between the two groups. Error bars indicate SD. Cells (strain MW821) were grown at 30°C 

in glycerol with varying concentrations of IPTG (N = 1049-3781 cells per sample). (Right) Cells with two 

gene copies were separated into two groups based on the cell length (shorter or longer than the median cell 

length). No significant difference is seen in the calculated correlation between the different groups.  
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Figure S24. Identifying newly replicated gene copies 

(A) 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, strain MW838, N = 1330 cells) with the negative sample 

(right, strain MW813, N = 561 cells) allows us to gate the ñrealò spots that correspond to the gene locus. All 

spots outside the gated region are discarded in subsequent analysis. Within the true population (red points), 

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 et al., 2006; Nielsen et al., 2007). Cells were grown at 37°C in glucose, with 1 mM cAMP and 1 

mM IPTG. (B) Following FROS spots in a time-lapse movie. Cells (strain JZ349) were grown at 30°C in LB, 

and the gene spots (lac locus, cyan) in a single cell (yellow outline) were tracked over time. The peak height 

for the spot marked with a white arrow shows an approximate doubling (interpreted as the formation of two 

unseparated sister copies), followed by the appearance of two distinguishable gene copies. 
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Figure S25. The transcriptional activity of P R and Plac reporters placed at different genomic 

positions  

(Top left) Nascent RNA per cell from PR-24MS2bs placed at different genomic positions, as a function of 

the cell length (N = 553-1232 cells per sample). Cells were grown at 30°C in LB. (Bottom left) The same 

dataset as the top panel. The intensity of individual TetR-YFP foci, as a function of the cell length. Numbers 

(1st, 2nd, 3rd) indicate the corresponding round of genome replication. (Top right) Nascent RNA per cell from 

Plac-24MS2bs placed at different genomic positions, as a function of the cell length (N = 1092-1610 cells per 

sample). Cells were grown at 30°C in LB with 10 ɛM IPTG. (Bottom right) The 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 (1st, 2nd, 3rd) indicating the corresponding rounds of genome replication. We note 

that, for all cell cycle analysis, nascent RNA levels were not corrected for false-nascent identification, due to 

insufficient spot statistics in some of the datasets. Data for total RNA per cell exhibited a similar cell-cycle 

trends (not shown), suggesting that the observed features are not an artifact of nascent RNA identification. 
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Figure S26. The transcriptional activity of endogenous Plac in LB and glycerol 

(A) Nascent lacZ mRNA per cell as a function of cell length, sorted by the mean lacZ mRNA number per 

cell. Cells (strain MW821, N = 570-1814 cells per sample) were grown at 30°C in LB with various 

concentrations of IPTG and cAMP. Solid lines are fits to the equation described in section 2.7. The parameter 

u1 from equation (18) is plotted in Fig. 4G. (B) A similar plot for cells grown at 30°C in glycerol (strain 

DB1738, N = 1235-2472 cells per sample). The high-expression sample exhibits a step corresponding to gene 

replication, whereas the low-expression sample shows a pulse of expression around the same time during the 

cell-cycle.  
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Figure S27. 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 (DB1738) 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 (black arrows; see figs. S26B, S29).  
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Figure S28. The gene-proximal mRNA population disappears after randomizing mRNA 

positions 

The distribution of mRNA-to-gene distance before (red) and after (green) randomizing the positions of 

mRNA inside each cell (section 2.3.2). Cells (strain MW838, N = 1207 cells) were grown at 37°C in glucose 

with 1 mM IPTG and 1 mM cAMP.   
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Figure S29. Gating one-copy and two-copy cells 

The lac locus copy number as a function of the cell length (N = 1602 cells). Data is from cells (strain MW821) 

grown at 30°C in glycerol with 10 ɛM IPTG. The raw data (gray markers) was binned (black markers) and 

fitted to a Hill function (black line), whose transition point was used to estimate the cell-cycle stage of gene 

replication. One- and two-copy cells (blue shading) were then gated as described in section 2.5.3.  
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Figure S30. 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 1mM IPTG.  
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Figure S31. Active gene copies tend to be closer to the cell periphery 

(A)  The position of Plac 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 30ÁC in glycerol with 100 ɛM 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 Measurement 

performed 

Reference or 

source 

MG1655 Wild-type   Lab stock 

DH5Ŭ Cloning strain   Lab stock 

DH5Ŭɚpir pir+ derivative of DH5Ŭ   Christophe 

Herman 

HME45 Recombineering strain   Yu et al., 

20001 

HME45ɚpir  pir+ derivative of HME45   Christophe 

Herman 

TK310 ȹcyaA ȹlacY ȹcpdA   Kuhlman  

et al., 20072 

BW14894 

 

ȹlacIZYA   Yakovleva  

et al., 19983 

MW804 MG1655 pJZ133 (SpcR)  This work 

MW814 TK310 pJZ133 (SpcR)  This work 

DB1718 MG1655 mhpA::140tetO (GenR)   Joshi et al., 

20114 

DB1738 MG1655 mhpA::140tetO (GenR) pDM21 (CmR)  Joshi et al., 

20114 

MW838 

 

TK310 mhpA::140tetO (GenR) pJZ133 (SpcR) lacZ mRNA, 

lac locus 

This work 

MW849 

 

TK310 ȹhycE::140tetO (GenR, 

KanR) 

pJZ133 (SpcR) lacZ mRNA, 

hyc locus 

This work 

MW821 

 

MG1655 mhpA::140tetO (GenR) pJZ133 (SpcR) lacZ mRNA, 

lac locus 

This work 

JZ349 

 

MG1655 mhpA::140tetO (GenR), 

ȹlacZYA::48MS2bs (CmR) 

pJZ152 (SpcR) 

 

Plac-48MS2bs 

RNA tagged by 

MS2-GFP,  

lac locus 

 

This work 

JZ145 

 

MG1655 mhpA::140tetO (GenR), 

ȹlacZYA::48MS2bs (CmR) 

pJZ186 (SpcR) 

 

Plac-48MS2bs 

RNA tagged by 

MS2-GFP,  

lac locus 

 

This work 

JZ162 

 

MG1655 mhpA::140tetO (GenR),  

ȹlac:: PR-24MS2bs (CmR) 

pJZ152 (SpcR) 

 

PR-24MS2bs RNA 

tagged by MS2-

GFP, lac locus 

 

This work 

JZ499 

 

MG1655 mhpA::140tetO (GenR),  

ȹlac:: PR-24MS2bs (CmR) 

pJZ186 (SpcR) 

 

PR-24MS2bs RNA 

tagged by MS2-

GFP, lac locus 

 

This work 
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JZ108 

 

MG1655 ɚcI857 Sam7 

mhpA::140tetO (GenR), ȹlac:: 

PR-24MS2bs (CmR) 

pJZ186 (SpcR) 

 

PR-24MS2bs RNA 

tagged by MS2-

GFP, lac locus 

 

This work 

JZ355 

 

TK310 mhpA::140tetO (GenR),  

ȹlacZYA::48MS2bs (CmR) 

pJZ152 (SpcR) 

 

Plac-48MS2bs 

RNA tagged by 

MS2-GFP, lac 

locus 

 

This work 

JZ412 MG1655 mhpA::140tetO (GenR), 

ȹlacZYA::24MS2bs (CmR) 

pJZ133 (SpcR) Plac-24MS2bs 

RNA, lac locus  

This work 

JZ568 BW14894 ȹtrkD::140tetO 

(GenR, KanR), ȹaslAB::Plac-

24MS2bs (CmR) 

pJZ133 (SpcR) Plac-24MS2bs 

RNA, ori region 

This work 

JZ572 BW14894 ȹmarA::140tetO 

(GenR, KanR), ȹyneFGH::Plac-

24MS2bs (CmR) 

pJZ133 (SpcR) Plac-24MS2bs 

RNA, ter region 

This work 

JZ596 BW14894 ȹhycE::140tetO  

(GenR, KanR),  

ȹ(ygbJ-ygbN)::Plac-24MS2bs 

(CmR) 

pJZ133 (SpcR) Plac-24MS2bs 

RNA, hyc locus 

This work 

JZ634 MG1655 mhpA::140tetO (GenR),  

ȹlacZYA::PR-24MS2bs (CmR) 

pJZ133 (SpcR) PR-24MS2bs 

RNA, lac locus 

This work 

JZ536 

 

BW14894 ȹhycE::140tetO  

(GenR, KanR),  

ȹ(ygbJ-ygbN)::PR-24MS2bs 

(CmR)  

pJZ133 (spcR) PR-24MS2bs 

RNA, hyc locus 

This work 

JZ564 BW14894 ȹtrkD::140tetO 

(GenR, KanR), ȹaslAB::PR-

24MS2bs (CmR) 

pJZ133 (SpcR) PR-24MS2bs 

RNA, ori region 

This work 

JZ534 BW14894 ȹmarA::140tetO 

(GenR, KanR), ȹyneFGH::PR-

24MS2bs (CmR) 

pJZ133 (SpcR) PR-24MS2bs 

RNA, ter region 

This work 

JZ620 BW14894 ɚWT mhpA::140tetO 

(GenR), ȹlacZYA::PR-24MS2bs 

(CmR) 

pJZ133 (SpcR) PR-24MS2bs 

RNA, lac locus 

This work 

JZ628 BW14894 ɚWT ȹhycE::140tetO  

(GenR, KanR),  

ȹ(ygbJ-ygbN)::PR-24MS2bs 

(CmR) 

pJZ133 (SpcR) PR-24MS2bs 

RNA, hyc locus 

This work 

JZ624 BW14894 ɚWT ȹtrkD::140tetO 

(GenR, KanR), ȹaslAB::PR-

24MS2bs (CmR) 

pJZ133 (SpcR) PR-24MS2bs 

RNA, ori region 

This work 

JZ616 BW14894 ɚWT ȹmarA::140tetO 

(GenR, KanR), ȹyneFGH::PR-

24MS2bs (CmR) 

pJZ133 (SpcR) PR-24MS2bs 

RNA, ter region 

This work 
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JW5609 BW25113 ȹtrkD::FRT-KanR-

FRT 

  Baba et al., 

20061 

JW2691 BW25113 ȹhycE::FRT-KanR-

FRT 

  Baba et al., 

20061 

JW5249 BW25113 ȹmarA::FRT-KanR-

FRT 

  Baba et al., 

20061 

JZ051 BW25113 ȹtrkD::140tetO 

(GenR, KanR) 

  This work 

JZ052 BW25113 ȹmarA::140tetO  

(GenR, KanR) 

  This work 

MW832 BW25113 ȹhycE::140tetO 

(GenR, KanR) 

  This work 

JZ422 BW14894 ȹtrkD::140tetO 

(GenR, KanR) 

pJZ133 (SpcR) ori region This work 

JZ424 BW14894 ȹmarA::140tetO 

(GenR, KanR) 

pJZ133 (SpcR) ter region This work 

JZ430 BW14894 ȹhycE::140tetO 

(GenR, KanR) 

pJZ133 (SpcR) hyc locus This work 

1Gift from C. Herman, Baylor College of Medicine 
2Gift from T. Hwa, University of California, San Diego 
3Purchased from the Coli Genetic Stock Center (CGSC): #8280 
4Gift from D. Bates, Baylor College of Medicine 
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Table S2. Plasmids used in this study 

Plasmid Description Reference or 

Source 

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

19951 

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

20021 

pBH23 Carrying the 140tetO array (AmpR, GenR) Joshi et al., 20112 

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

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

20001 

pIG-48bs 48 MS2bs under control of Plac (AmpR) This work  

pBS48-

CmR 

48 MS2bs under control of Plac (CmR) This work  

pIG-24bs 24 MS2bs under control of Plac (AmpR) This work  

pBS24-

CmR 

24 MS2bs under control of Plac (CmR) This work  

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

pDM21 TetR-YFP under control of Psal Joshi et al., 20112 

pKG110 TetR-mCherry under control of Psal Joshi et al., 20132 

pIG-K133 MS2-GFP under control of Ptet Golding and Cox., 

2004 

pSR67.1 Carrying constitutive promoter PJ23117 (SpcR) Schmidl et al., 

20143 

pSR67.3 Carrying constitutive promoter PJ23105 (SpcR) Schmidl et al., 

20143 

pJZ133 TetR-YFP under control of PJ23117 (SpcR) This work  

pJZ102 TetR-mCherry under control of PJ23117 (SpcR) This work  

pJZ107 MS2-GFP under control of PJ23105 (SpcR) This work  

pJZ152 TetR-mCherry under control of PJ23117 and MS2-GFP under control 

of PJ23105, tetR-mCherry is upstream of ms2-gfp (SpcR) 

This work  

pJZ156 TetR-mCherry under control of PJ23117 and MS2-GFP under control 

of PJ23105, tetR-mCherry is downstream of ms2-gfp (SpcR) 

This work  

pJZ186 TetR-mCherry under control of PJ23117 and RBS BBa_0031, MS2-

GFP under control of PJ23105, tetR-mCherry is downstream of ms2-

gfp (SpcR) 

This work  

1Gift from C. Herman, Baylor College of Medicine 
2Gift from D. Bates, Baylor College of Medicine 
3Gift from J. Tabor, Rice University 
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Table S3. Primers used for plasmid cloning 

Primer  Sequence (5ô-3ô) 

PR-short-FP  aatgacatgtttcttttttgtgctcatacg                                                                                                      

PR-short-RP ccatgcggccgcacaacctccttagtacatgc  

FRT-FROS-FP-H1 gcggtaatacggttatccacagaatcaggggataacgcaggaatccgtaatcatggtcat 

FRT-FROS-RP-H2 cagtacaatctgctctgatgccgcatagttaagccagcccgagtgatcgcattgaacatg 

OC201-2 ggggcccggtacccaattcgccctatagtgagtcgtattacaatcatatgaatatcctccttag 

OC202 gagtaaacttggtctgacagttaccaatgcttaatcagtgaggcgtgtaggctggagctgcttc 

pSR67-GG-FP2 gcattacgtctccatggtacctttctcctctttaat 

pSR67-GG-RP3 gcattacgtctcgaccaggcatcaaataaaacga 

MS2-GFP-GG-FP3 gcattacgtctcgccatggcttctaactttactcagttc 

MS2-GFP-GG-RP3 gcattacgtctcctggtatagttcatccatgccatgtg 

TetR-mCherry-GG-FP gcattaggtctcgccatggtgtctagattagataaaagtaaag 

TetR-mCherry-GG-RP gcattaggtctcctggtcgccaaaacagccaagctt 

TetR-YFP-GG-FP gcattaggtctcgccatggtgtctagattagataaaagtaaag 

TetR-YFP-GG-RP gcattaggtctcctggtcgccaaaacagccaagctt 

pSR67-GG-FP gcattaggtctccatggtacctttctcctctttaat 

pSR67-GG-RP gcattaggtctcgaccaggcatcaaataaaacga 

pSR67-D-GG-FP gcattacgtctccatggtacctataaacgcagaaaggc 

pSR67-D-GG-RP gcattacgtctcgaccagaagggtaatctagaggcatc 

MS2-TetR-GG-FP2 gcattacgtctcgccatcagcttggctttaccgtca 

TetR-mCherry-GG-RP2 gcattacgtctcctggtcgccaaaacagccaagctt 

MS2-GFP-GG-RP3 gcattacgtctcctggtatagttcatccatgccatgtg 

P9  gagacgtctcaatggtgtctagattagataaaag 

P11 gagacgtctcagaaggctgacaaaatctatactgt 
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Table S4. Primers used for MS2 reporter cassette recombineering 

Primer  Sequence (5ô-3ô) Promoter, MS2 

reporter cassette 

Genome 

position 

lacIPZ 

lacH2-P1 

cgcccaatacgcaaaccgc 

gcagcgtatcaggcaatttttataatttaaactgacgtgtaggctggagctgcttc 

Plac-48MS2bs-CmR lac locus 

lacH8-P2 

 

lacH6-P1 

ctacacaaatcagcgatttccatgttgccactcgctttaatgatgatttctaattaattaatc

gccaagctcgaaattaaccctcac 

aagcgcagcgtatcaggcaatttttataatttaaactgacgtgtaggctggagctgcttc 

 

Plac-24MS2bs-CmR 

 

lac locus 

lacH3-P2 

lacH2-P1 

ccgcgcgttggccgattcattaatgcagctggcacgacaggcggttcctggccttttgct 

gcagcgtatcaggcaatttttataatttaaactgacgtgtaggctggagctgcttc 

PR-24MS2bs-CmR lac locus 

ygbJ-FP 

ygbN-RP 

attcacaatatcaaacaaaatatcacttaaattaacaaggcatgcatttacgttgacacc 

ccgatgcccatcggacctttttattaaggtcaaattaccggtgtaggctggagctgcttc 

PR-24MS2bs-CmR 

Plac-24MS2bs-CmR 

hyc locus 

ybhJ-FP 

ybhN-RP 

gaatgcgacctacattcacatggcgctttttacatctgaccatgcatttacgttgacacc 

tgtaaccatatcgcaataagttatgtttttaaattgaggggtgtaggctggagctgcttc 

PR-24MS2bs-CmR 

Plac-24MS2bs-CmR 

gal locus 

aslB-RP1 

aslA-FP1 

atttcgcccttaacgtattgaaggatgacttcaggcaagggtgtaggctggagctgcttc 

gcttaattacgtcatcattttgatgacatgaaaccggagccatgcatttacgttgacacc 

PR-24MS2bs-CmR 

Plac-24MS2bs-CmR 

ori region 

yneH-FP 

yneF-RP 

ctgatatactcgcaggtcttttcagacctgcggtccaggacatgcatttacgttgacacc 

attcaaatcgcgcgtaatgaataaagatgtcagacaacttgtgtaggctggagctgcttc 

PR-24MS2bs-CmR 

Plac-24MS2bs-CmR 

ter region 
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Table S5. DNA oligos used for smFISH 

Transcript  Probe sequences (5ô to 3ô) Dye 

lacZ 72 probes (So et al., 2011) TAMRA 

 

 

 

 

 

 

 

 

 

 

 

 

 

lacI 

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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1 SUMMARY  

Single cell measurements of mRNA copy number have informed our understanding of 

stochastic gene expression in important ways. However, whole-cell mRNA measurements 

are also severely limited in their ability to inform us on stochastic gene activity. For one, 

cellular mRNA typically represents the summed contribution from multiple (sister) copies 

of the same gene, whose number doubles during the cell cycle, and whose activity may be 

coupled in unknown ways. Current whole-cell measurements also integrate over the full 

lifetime of mRNA molecules. In other words, they cannot distinguish ñyoungò from ñoldò 

molecules, and, specifically, discriminate nascent (actively transcribed) mRNA from 

mature (completed) transcripts.  

In this work, we overcome key limitations of whole-cell mRNA measurements by detecting 

actively transcribed mRNA at an individual gene locus in E. coli. By discriminating 

between nascent and mature mRNAs, counting both species in the single cell, and 

analyzing the data using a new theoretical model, we can infer the stochastic kinetics of 

promoter switching, mRNA elongation, release and degradation. In doing so, we make a 

number of findings: (1) RNA polymerase elongation speed is coupled to the rate of 

transcription initiation, and the nascent mRNA is degraded even while still being 

transcribed, with the speed of degradation limited by ribosome movement. These features 

were previously deduced from bulk assays (Chen et al., 2015; Epshtein and Nudler, 2003; 

Proshkin et al., 2010), and we now demonstrate them by examining individual mRNA 

molecules in the cell. (2) Upon the completion of mRNA synthesis, mature mRNA 
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molecules have a probability of remaining at the gene rather than immediately being 

released into the cytoplasm. Importantly, this mRNA retention depends on active 

transcriptionðit is relieved upon inhibition of transcription initiation. Furthermore, mRNA 

retention is only observed under slow growth conditions, whereas in fast growth, mRNA 

is released immediately upon completion. These new observations help reconcile the 

discrepancy between previous reports on mRNA localization in the cell (Llopis et al., 2010; 

Moffitt et al., 2016; Nevo-Dinur et al., 2011). (3) The stochastic activity of two sister copies 

of a gene within the same cell can be highly correlated. In the past, such correlation could 

only be deduced indirectly, from the presence of so-called ñextrinsic noiseò in the 

expression of exogenous reporters (Elowitz et al., 2002). Here, we directly measure gene-

copy correlation and characterize its dependence on growth conditions, expression level, 

and genomic position. (4) In a strongly repressed promoter, transcription is not equally 

probable at different phases of the cell cycle. Instead, a pulse of transcription is observed 

around the time of gene replication. Replication-triggered transcription was hypothesized 

long ago (Hanawalt and Wax, 1964). More recently, (Hammar et al., 2014) invoked it to 

support their data on lac repressor kinetics. However, this phenomenon was never directly 

observed prior to our current study.     
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2 SIGNIFICANCE  

2.1 Experimental techniques and modeling 

2.1.1 Simultaneous detection of RNA and its encoding gene 

In this study, we presented a method to simultaneously detect RNA and its encoding gene 

in individual E. coli cells. The gene of interest is detected using FROS, and in the same 

cell, the RNA produced from the gene is detected either directly using smFISH (fixed cells) 

or by engineering an RNA-tagging system (MS2) to report the gene activity (live cells). 

We used this dual-reporter system to label different promoters (Plac, PlacI, PRM, PR) and 

different genomic locations (ori, lac, hyc, gal, ter), in cells grown at varied growth 

conditions (LB, glucose, glycerol), which cover a broad range of cell doubling times (20-

150 min). The measurements at different growth conditions allowed us to resolve the 

conflict between previous studies (Llopis et al., 2010; Moffitt et al., 2016; Nevo-Dinur et 

al., 2011) and examine interesting behaviors that exhibit dependence on growth conditions 

(discussed later). 

2.1.2 Combining live-cell and fixed-cell measurements 

The live-cell (MS2) and fixed-cell (smFISH) methods complement each other. For smFISH, 

the primary advantages in comparison to MS2 are the ability to detect endogenous 

transcripts with excellent accuracy (< 1 RNA) and dynamic range (<1 to ~ 100 RNA per 

cell), the ability to detect multiple transcripts simultaneously and obviating the need for 

genetic manipulations. However, the fixed-cell method loses the temporal information and 

might introduce spatial artifacts in the process of fixation (Ryter, 1988). The live-cell 
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method allows direct tracking of RNA kinetics, as well as other cellular events (e.g., gene 

replication and cell division) in real time, but is usually more genetically perturbative and 

offers lower throughput. 

2.1.3 Novel measurements 

Distinguishing nascent RNAs (being actively transcribed at the gene) from mature RNAs 

(complete ones) was previously impossible because of the absence of a nucleus in bacterial 

cells. Colocalization analysis of the RNA and gene spots enables classifying RNA signals 

into nascent or mature, by applying a simple distance threshold (å 300 nm). Likewise, 

individual gene copies can be identified as either active (presence of RNA signals within 

the distance threshold) or inactive (absence of RNA signals within the distance threshold). 

The intensity of each RNA signal can be converted to RNA number with single-RNA 

calibration, enabling us to make novel measurements: nascent and mature RNA number 

per cell, nascent RNA number per gene copy. The novel measurement of nascent RNA 

number per gene copy can inform us on the stochastic kinetics of transcription at individual 

gene copies, without the confounding factors that limit the whole-cell RNA measurement, 

e.g., multiple gene copies and RNA lifetime integration. The measurements of the activity 

of individual gene copies allow us to directly examine the correlation between multiple 

copies of the same gene.  

2.1.4 Estimates of kinetic parameters 

The measurements of nascent and mature RNA number in individual cells enable us to test 

a new theoretical model rigorously. This new theoretical model includes nascent RNA 
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kinetics, which in previous models was typically not treated as a separate RNA species 

(Raj et al., 2006; Sepúlveda et al., 2016; So et al., 2011). This model can well describe both 

the mean and the distribution of total, nascent, mature RNA measurements, in both steady 

state and non-steady state. Model fitting allows estimation of the kinetics of RNA processes 

taking place at the geneðtranscription initiation, elongation, decay, and release. 

Additionally, using this model, we can estimate properties that were impossible to measure 

directly, for example, the speed of RNA polymerase (RNAP). The speed of RNAP in the 

cell was classically measured in an induction experiment, i.e., adding an inducer to ñturn 

onò the promoter and then following RNA production (Epshtein and Nudler, 2003). Our 

model enables inferring the speed of RNAP from the nascent-to-total ratio (fraction of 

nascent RNAs among total RNAs) obtained from different steady state measurements (i.e., 

adding varying levels of inducer). Consistent with previous studies (Proshkin et al., 2010), 

we observed a dependence of RNAP speed on the expression level and obtained the 

relationship between them. Such a relationship could enable a better understanding of the 

RNAP cooperativity (Epshtein and Nudler, 2003).  

2.1.5 Applicability  to higher organisms 

In the past, our methods of analyzing the RNA time-series (Golding et al., 2005; So et al., 

2011) and copy-number statistics (Golding et al., 2005; So et al., 2011) in E. coli were also 

used for studying transcription kinetics from yeast to mammalian cells (Raj et al., 2006; 

Yunger et al., 2010; Zenklusen et al., 2008). The methods for detecting a single gene locus 

and its transcriptional activity both originated from work in higher organisms (Bertrand et 

al., 1998; Michaelis et al., 1997). It should be reasonably practical to adapt both the 
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approach of combining these constructs and the follow-up image and data analysis into 

higher organisms.  

Bacteria, as one of the simplest model systems, are not as different from higher organisms 

as people thought traditionally (Lau et al., 2003; Lemon and Grossman, 1998). It was 

previously discovered that transcription in E. coli occurs in ñburstsò and can be described 

using two-state kinetics (Golding et al., 2005). Similar observations were consequently 

made in systems ranging from yeast to mammals (Chubb and Liverpool, 2010; Chubb et 

al., 2006; Paré et al., 2009; Raj et al., 2006). The surprising universality in transcription 

kinetics across different genes, irrespective of many of the molecular details of regulation 

(So et al., 2011), has also been observed in higher organisms (Bar-Even et al., 2006; Suter 

et al., 2011; Taniguchi et al., 2010). In this work, the characterization of bacterial 

transcription kinetics at greater levels of precision has the potential to provide insights into 

the behavior of higher organisms, e.g., the mechanisms for mature RNA retention, the 

effect of gene replication on transcription and the copy-copy correlation (discussed in the 

next section in detail). These deterministic features might contribute to the apparent 

stochasticity of transcription when not accounted for.  

2.2 Biological findings and open questions 

2.2.1 Mature RNA retention at the gene and its growth rate dependence 

There have been different observations regarding the spatiotemporal life history of RNA: 

1) RNA spends most of its lifetime at the transcription site (Llopis et al., 2010); 2) RNA is 

released into the cytoplasm after its completion, in some cases localized to cell membrane 
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(i.e., for RNA encoding an inner-membranal protein) (Moffitt et al., 2016; Nevo-Dinur et 

al., 2011). We resolved this seeming conflict with the novel measurements of nascent and 

mature RNAs at different growth conditions. In fast-growth conditions (LB: doubling time 

å 35 min, the condition used in (Moffitt et al., 2016); glucose: doubling time å 50 min), 

the measured nascent-to-total ratio is 45-55%, consistent with our model predictions. This 

result suggests a conclusion that RNA spends a similar amount of time at its site of 

transcription and in the cytoplasm, as claimed in (Moffitt et al., 2016), but in contradiction 

with (Llopis et al., 2010).  

However, when examining a slow-growth condition (glycerol: doubling time å 150 min, 

similar condition used in (Llopis et al., 2010), we found disagreement in the nascent-to-

total ratio measured using ñslow fixationò (50-60%) and ñfast fixationò (70-80%). In a 

ñslow fixationò protocol, cells are centrifuged to harvest before being mixed with fixative, 

while in a ñfast fixationò protocol, cells are directly mixed with fixative. The nascent-to-

total ratio measured using ñfast fixationò is similar to what was observed in (Llopis et al., 

2010), while the one measured using ñslow fixationò agrees with the prediction from our 

original theoretical model. We hypothesize that, at slow-growth conditions, a fraction of 

mature RNA will stay at the gene upon completion, which will lead to an increased fraction 

of total RNA appearing at the gene. We developed a few revised models and compared 

model predictions with the nascent, mature and total RNA measurements in the induction 

experiment (ñfast fixationò). The model with a fraction of mature RNAs (å 50%) retention 

at the gene described the measurements well. The hypothesis of mature RNA retention is 

supported by two additional pieces of evidence: 1) lower than expected ratio of 5ô to 3ô 
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signal in gene-proximal RNA; 2) lowered level of gene-proximal RNA after vigorous 

centrifugation (4500 g for 5 min) in live cells. Overall, our data suggest that the growth 

condition affects the spatiotemporal life history of RNA, with mature RNA retention in 

slow-growth conditions as a key to resolve the contradictory arguments in (Llopis et al., 

2010) and (Moffitt et al., 2016).  

However, the mechanism for mature RNA retention is unclear. One speculation is that 

retention reflects the effect of translation, based on several pieces of evidence. First, it is 

well known that transcription and translation are coupled in bacterial cells and RNA is 

heavily coated by ribosomes when it is still being transcribed at the gene (Miller et al., 

1970; Neidhardt et al., 1990). Secondly, the RNA-bound ribosomes are less diffusive than 

RNA-free ribosomes (Sanamrad et al., 2014). Thirdly, the bacterial cytoplasm displays 

glass-like properties and can be fluidized by cellular metabolism (Parry et al., 2014). Such 

glassy behavior affects the mobility of cytoplasmic components in a size-dependent fashion. 

Fourthly, at fast-growth conditions, where the nucleoid is highly condensed, most 

translation occurs in the ribosome-rich regions (outside of the nucleoid). While at slow-

growth conditions, where the nucleoid is ñfluffier,ò the distribution of ribosome expands 

to the nucleoid region, suggesting that translation could occur more inside the nucleoid 

(Bakshi et al., 2012). Assembling all these evidence, we hypothesize that at slow-growth 

conditions, the less mobile ribosomes limit the diffusion of RNA upon its completion, 

resulting in retained mature RNA at the gene. This hypothesis predicts a connection 

between the translatability of RNA and its likelihood to be retained. A future experiment 
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will be comparing the mature RNA retention for RNA that is highly translated (strong RBS) 

and barely translated (weak RBS). 

2.2.2 The effect of gene replication on transcription 

We found that at low-expression conditions, Plac exhibited a pulsatile activity around the 

time of its replication, in contrast to the behavior of phage lambda promoter PR (considered 

constitutive), whose activity simply followed gene dosage. It has long been speculated that, 

for a tightly repressed gene, the only time it gets transcribed is the time of gene replication 

(Guptasarma, 1995). One possible mechanism for the gene replication coupled 

transcription is that the passage of replisome over the repressed gene knocks off all the 

transcription factors, resulting in a transient de-repression of the gene (Guptasarma, 1995). 

The finding that the effect of gene replication decreases with increased expression level 

seems to support such speculation. To further test this hypothesis, we could examine other 

tightly repressed promoters (e.g. Pgal) to see if they similarly display replication-induced 

transcription, and activator-driven promoters (e.g. Pmal) to see if they behave oppositelyð

transiently decreased activity around the time of gene replication. 

Another possible mechanism for the gene replication coupled transcription is that the 

replisome changes the DNA supercoiling state along its way and the change of supercoiling 

state affects transcription (Guptasarma, 1995). The E. coli chromosome exists in a mildly 

negatively supercoiled state (Worcel and Burgi, 1972). The replication machinery 

generates positive supercoiling ahead (same direction as the replication fork movement) 

and leaves negative supercoiling behind (Postow et al., 2001). Negative supercoils would 
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have to be re-introduced into the freshly generated duplexes soon after replication, at the 

arrival of topoisomerase, to allow these to coil up independently once again into the 

compact supercoiled domain in two separate chromosomes (Liu and Wang, 1987; Postow 

et al., 2001). Negative supercoiling has been shown to facilitate transcription (Pruss and 

Drlica, 1989), i.e., by aiding the recognition of the promoter by RNAP, or by reducing the 

energy requirements for promoter melting by the polymerase. Such transient change of 

supercoiling state might affect transcription of the replicating gene. Previously, in E. coli, 

through genetic impairment of topoisomerase or addition of topoisomerase inhibitors, it is 

found that a subset of genes (å 7% of the genome) was sensitive to the supercoiling state 

(Peter et al., 2004). To test the hypothesis of supercoiling, we can examine a number of 

supercoiling-sensitive genes (Peter et al., 2004) to see how their transcriptional activity 

changes around the time of gene replication.  

2.2.3 Correlation between different gene copies in the same cell 

The activities of different copies of the same gene were previously assumed to be 

independent (Jones et al., 2014; Sepúlveda et al., 2016). The novel measurements of the 

activity of individual gene copies enable examining the correlation between the activity of 

multiple copies of the same gene directly. We unexpectedly found a high level of 

correlation between the activity of two copies of Plac in cells grown in a slow-growth 

condition (glycerol: doubling time å 150 min), but almost no correlation in cells grown in 

fast-growth conditions (glucose: doubling time å 50 min; LB: doubling time å 35 min). 

The mechanism underlying the copy-copy correlation is unclear. It is possible that the 

observed correlation is generated by an upstream regulator whose concentration fluctuates 
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over time. Only in the ñONò cellular state (a certain level of the regulator), can multiple 

gene copies become active. This fluctuating regulator, if  exist, seems to be non-specific to 

the promoter (Plac) but specific to growth rate, as PR also displayed correlated activity in 

glycerol but not in LB. An immediate next step will be to examine the correlation for 

different promoters (regulated and constitutive), at different growth conditions (slow-

growth and fast-growth).  

Another possible mechanism is the similar chromosome dynamics and environment shared 

between sister copies. It has been shown in E. coli that the genome position affects the 

expression level (Bryant et al., 2014). Additionally, people in the field of synthetic biology 

have started to consider the effect of compositional context (e.g., orientation, genetic 

elements nearby), when building synthetic genetic circuits (Yeung et al., 2017), where they 

speculated that the supercoiling dynamics is the dominant factor for the observed 

contextual effects.  
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3 FUTURE DIRECTIONS 

3.1 An improved MS2 system for accurate reporting of the RNA life cycle 

in live cells 

The time-lapse measurement using the MS2 reporter system enables direct tracking of the 

ñONò and ñOFFò status of individual gene copies so that we can estimate the probabilistic 

rates of promoter switching and measure the temporal cross-correlation between multiple 

copies of the same gene. However, there is a significant shortcoming of the MS2 reporter 

system used in this work, that it perturbs the endogenous system by affecting RNA 

degradation and spatial localization (Golding and Cox, 2004; Golding et al., 2005).  This 

MS2 reporter system was initially used to image single RNA molecules in living eukaryotic 

cells, where the RNA lives much longer than the time it takes for transcription. The uridine 

at position -5 of the loop was substituted by a cytosine, which increased the affinity of the 

MS2 coat protein 10-fold (Kd from 10 nM to 1 nM) (Lowary and Uhlenbeck, 1987; 

Valegård et al., 1997). The high affinity of the MS2 binding sites (MS2bs) for MS2 coat 

protein would retain the tag on the RNA. However, in E. coli, the RNA lifetime is much 

shorter (Chen et al., 2015), making the current MS2 reporter system inappropriate.  

A recent study in S. cerevisiae described an improved MS2 reporter system, where the 

affinity of the MS2 binding site (MS2bs) for MS2 the coat protein was reduced to allow 

RNA degradation while preserving single-molecule detection, as determined by smFISH 

and live imaging (Tutucci et al., 2018). Comparing to the MS2bs array used in our work, 

Tutucci and colleagues made a few modifications: mutating C back to U at position -5 of 

the loop, changing the stem sequence, reducing the number of stem-loops (24 to 12), and 
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increasing the linker length between repeats (30 nt to 50 nt). They found that the C to U 

mutation was sufficient to reduce ten times the affinity of the MS2 coat protein for the MS2 

independently of the stem sequence. Additionally, both increased linker length, which 

possibly allowed better access of nucleases to the RNA, and reduced number of stem-loops, 

which provided less substrate for degradation, increased the degradation of the reporter 

transcripts. 

We recently have attempted to adapt the improved MS2 reporter system into E. coli and 

characterize its behavior. We began with replacing the 24 or 48 MS2bs array used in our 

work with 24xMBSV6U (24 copies of stem-loop, 50 nt linker length, U mutation at 

position -5) used in (Tutucci et al., 2018). Preliminary results showed decreased RNA 

signal and no aggregates localized to the cell pole (data not shown), possibly suggesting 

increased RNA degradation. To further characterize the detection efficiency and estimate 

the degradation rate, we could compare RNA production after adding rifampicin (an 

inhibitor for transcription initiation) in cells where MS2-GFP is absent or present. It is 

worth noting that, assuming the same binding affinity, the MS2-GFP used in this work 

(MS2 dimer tagged by one GFP molecule) would possibly only provide a quarter of the 

signal strength as in (Tutucci et al., 2018) (MS2 monomer tagged by dimerized GFP). 

Additionally, it has been shown that on average only about two-thirds of the 24 MS2 stem-

loops were occupied by MS2-GFP (Fusco et al., 2003). Thus, to achieve single RNA 

molecule detection, we may have to modify the current version of MS2-GFP as well.  
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3.2 Advanced time-lapse imaging accompanied by improved automated 

analysis 

Improving the temporal resolution. As discussed above, we are attempting to improve the 

MS2 reporter system to capture the life cycle of short-lived RNAs in E. coli. Our current 

setup of time-lapse imaging (5-10 min imaging interval) is apparently insufficient, given 

that in E. coli, on average, RNAs only live for a few minutes (Chen et al., 2015). High 

temporal resolution (i.e., higher frame rate) of time-lapse imaging will be necessary for us 

to revisit the open questions (discussed in the introduction chapter) using the improved 

RNA reporter system. The higher temporal resolution will provide a more accurate 

estimation of the probabilistic rates of promoter switching, more accurate measurement of 

cross-correlation between individual gene copies and enable us to directly follow the ñturn 

onò and ñturn offò of the promoter. An immediate challenge foreseen in increased frame 

rate is photobleaching. We may have to balance between the turnover rate of the RNA 

signals and the rate of photobleaching and correct for the photobleaching in the data 

analysis.  

Improving the throughput. Fixed-cell measurement easily offers statistics from thousands 

of cells. While, for time-lapse imaging using the CellASIC ONIX microfluidic device, in 

each field of view, the number of cells (~ 100) and the number of generations (3-5) are 

quite limited. An alternative option will be using the mother machine microfluidic device, 

which enables tracking the cell growth for hundreds of generations (Wang et al., 2010). 

We have successfully built and used the mother machine microfluidic device to follow the 

transcriptional activity of individual gene copies as cells grow and divide over 100 
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generations. However, currently, the movies taken in the mother machine are mainly 

analyzed manually, as the fluctuating background in the phase contrast obscures the cell 

segmentation using Schnitzcell (Young et al., 2012). To improve the throughput, in the 

future, we need to develop automated image analysis for movies taken in the mother 

machine microfluidic device.  

Improving active transcription identification. In this work, colocalization analysis of the 

RNA and gene signals was based on their distances in the two-dimensional projection. 

However, the bacterial cell is a rod-shaped three-dimensional structure. One can easily 

imagine a case where two spots are overlapping in their two-dimensional projections, but 

far away in the 3rd-dimension (z-direction). We did acquire the information in the z-

direction (9 z-positions with a step of 200 nm). Incorporating the z information into the 

colocalization analysis could improve the identification of active transcription. However, 

note that for conventional fluorescence microscope, the spatial resolution in the z-direction 

is å 500 nm, which is rather weak considering the thickness (i.e., cell width) of E. coli cells 

(å 1 ɛm). Using super-resolution microscopy will improve the spatial resolution by order 

of magnitude (discussed later). 

3.3 Exploring the spatial organization of transcription 

Our existing data contains the spatial information of both the gene and RNA signals, but 

the analysis is still limited, leaving the spatial aspects of existing data mostly unexplored. 

One of the findings is the possible coupling of transcription to the spatial movement of the 

gene (i.e., active genes move to the periphery of the cell) (fig. S31). We examined the 
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spatial distribution of active and inactive gene copies along the short axis of the cell and 

observed a membranal preference for active gene copies. Even though this result is 

inconclusive (å 5% difference between active and inactive gene copies), this phenomenon 

is worth exploring. 

Functional coupling between transcription and translation has been extensively 

documented in bacteria (Das et al., 1967; Proshkin et al., 2010). However, RNAP and 

ribosomes appear segregated in space: ribosomes typically reside in the periphery of the 

cell, surrounding the nucleoid and RNAP (Bakshi et al., 2012; Campos and Jacobs-Wagner, 

2013). Different models have been proposed for the functional coupling but spatial 

separation between transcription and translation. One model suggests that actively 

transcribed genes would reside at the interface between the nucleoid and the ribosome-rich 

regions (Campos and Jacobs-Wagner, 2013). Another one proposes the existence of 

ñtranscription hubsò (or ñfactoriesò), where ribosomal operons, as well as most RNAP in 

the cell,  reside (Jin et al., 2013). Both models suggest that active transcription of a gene 

involves changes in its spatial position, consistent with our observed membranal preference 

of active gene copies. Furthermore, this dependence on spatial position may occur in a cell-

cycle dependent manner, as suggested by the observation that the nucleoid elongates 

periodically in the cell cycle (Fisher et al., 2013).  

Another important finding is that both the nascent and total lacY RNA (encoding an inner-

membranal protein) showed membranal preference, comparing to lacZ RNA (encoding a 

cytoplasmic protein) (fig. S30). In bacterial cells, RNAs that encode inner-membranal 
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protein are co-translationally inserted into the cell membrane (Driessen and Nouwen, 2008). 

But whether the co-translational insertion is coupled to transcription remains unknown. 

Our data suggest that the co-translational insertion and transcription happen at the same 

time (i.e., a three-way coupling of transcription, translation and insertion). Note that the 

membranal preference of lacY RNA is only apparent when focusing on the lacY RNA 

signal from middle z-slice, mostly due to the limited spatial resolution in the z-direction (å 

500 nm) in conventional fluorescence microscopy.  

Super-resolution microscopy, accompanied by advances in specific labeling, has enabled 

researchers to widely probe the spatial localization and movement of single molecules, for 

example, DNA looping (Hensel et al., 2013), transcription factor dynamics (Elf et al., 

2007)and spatial distributions of RNAP and ribosomes (Bakshi et al., 2012). Super-

resolution microscopy, by improving the spatial resolution by order of magnitude (~20-nm 

resolution), can help us in identifying spatial features that are potentially tiny and difficult 

for conventional microscopy (e.g., the membranal preference of active gene copies) and 

rescuing the insufficient resolution in the z-direction. 

3.4 Simultaneous detection of two different genes and their activities 

An extension of this work will be to detect two different genes and their activities 

simultaneously. To label two different gene loci, tetO and lacO arrays can work together 

without a problem of cross-binding (Possoz et al., 2006). In the same cell, MS2 and PP7 

can be combined to track the transcriptional activities of the two different genes (Hocine 

et al., 2013). Our results showed reliable detection of individual gene copies using tetO 
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arrays, but it has been reported that strong binding by LacI may block replication in cells 

containing lacO arrays ((Possoz et al., 2006) and unpublished results from the Bates lab). 

As an alternative plan, ParB/parS variants can be used to label different loci in individual 

cells (Li et al., 2002; Nielsen et al., 2006). A possible concern is that the ability of ParB to 

oligomerize has been reported to result in possible transcriptional silencing of nearby genes 

(Bartosik et al., 2004). Building this elaborate reporter system will be challenging in many 

ways, for example, the introduction of four different fluorescent proteins in the cell 

(Higuchi-Sanabria et al., 2016) and adapting protocols for live imaging. 

This reporter system will allow, for example, examining the correlation between different 

genes. For two different genes that are regulatory connected (e.g., cell-cycle regulated 

genes), a strong correlation in transcriptional activity has been shown in yeast (Gandhi et 

al., 2011). A similar observation may be expected in E. coli, between pairs of regulatory 

connected genes. For two functionally unrelated genes, in yeast, it has been suggested that 

neighboring genes are highly correlated in transcriptional activity, due to chromosome 

positioning effects (Becskei et al., 2005). That correlation decreases with an increase in 

genomic distance between genes (Becskei et al., 2005; Gandhi et al., 2011). The evidence 

in higher organisms, as well as the possible association of chromosome regions with 

transcriptional machinery in E. coli (Jin et al., 2013), may suggest a possible correlation in 

transcription activities between two genes that are close in the genome, and lower 

correlation when two genes are far away. 
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3.5 Measuring transcription and translation simultaneously 

In this study, we have presented a method to distinguish RNAs that are being transcribed 

from finished ones. In the future, we hope to gain the capability to tell apart RNAs that are 

being translated or not, by labeling the translational machinery (ribosomes) or nascent 

proteins. This capability will possibly enable exploring how translation is coupled to 

transcription, mature RNA retention, membranal RNA localization, and RNA degradation. 

To label the protein product of interest, one of our previous studies in fixed cells has used 

fluorophore-tagged antibodies (Sepúlveda et al., 2016). In fixed cells, we can also apply a 

set of DNA oligos targeting the RNA components in the ribosome (Buxbaum et al., 2014). 

In live cells, researchers have fused fluorescent proteins to the ribosome components (e.g. 

S2-YFP) to visualize the spatial distribution of ribosomes (Bakshi et al., 2012), or used the 

so-called SunTag system to detect nascent proteins (Tanenbaum et al., 2014). In the 

SunTag system, the protein of interest is fused to an array of peptide epitopes, which can 

be bound by a genetically encoded antibody fragment, fused to a fluorescent protein, 

rendering the protein of interest as fluorescent spots under the microscope.  

One primary and obvious question to be addressed is if there is a difference between the 

translatability of nascent and mature RNAs. The well-known functional coupling between 

transcription and translation in bacterial cells predicts that nascent RNAs are likely to be 

translated more (Das et al., 1967; Proshkin et al., 2010). However, spatially, ribosomes are 

primarily enriched in the periphery of the cell (outside of the nucleoid region), suggesting 

that mature RNAs are more likely to be translated. These two contradictory speculations 
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bring several more general questions for us to examine: Are ribosome-bound RNA and 

ribosome-free RNA spatially located differently? What fraction of RNA in the cell is being 

bound and translated by ribosomes?  

Some of the exciting findings and open questions that we have discussed earlier can be 

possibly addressed in more detail by labeling translation and transcription simultaneously. 

1) Mature RNA retention at the gene. We speculated that the retained mature RNAs are the 

ones that are being translated (coated with ribosomes thus less diffusive). This speculation 

can be examined by comparing the relative abundance of ribosomes on retained and non-

retained mature RNAs. 2) RNA membranal localization. The observed membranal 

preference for lacY RNA is consistent with the argument that RNAs that encode inner-

membranal protein are co-translationally inserted into the cell membrane (Driessen and 

Nouwen, 2008). Labeling the lacY protein and lacY RNA at the same time will allow 

directly examining if they are co-localized at the cell membrane. 3) RNA degradation. The 

measured change in the nascent-to-total ratio after adding drugs that act on translational 

machinery (e.g. chloramphenicol, kasugamycin) supports that translation can affect  RNA 

degradation (Deana and Belasco, 2005). Labeling the translation machinery 

simultaneously with the transcription will allow further classifying RNAs into subgroups 

that are being translated or not so that we can estimate the degradation rates of different 

species.  
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