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ABSTRACT 

The information that instructs cells on how to create the molecules that perform cellular functions 

resides within the DNA. The basic unit of genetic information is called a gene, which is a region of the 

DNA that contains the instructions to produce messenger RNAs (mRNAs). An enzyme called RNA 

polymerase generates mRNAs through a process called transcription. In transcription, mRNAs are used as 

templates to produce proteins, in a subsequent process called translation.  

Proteins constitute the main molecular workers in the cell, whose roles include sensing signals 

from the environment, carrying out enzymatic reactions, and performing transcription and translation. A 

particular class of proteins, called transcription factors, regulates the expression of genes, and therefore 

control cell behavior. Transcription factors bind to DNA sites close to the promoter of the gene, which is 

the DNA sequence that is recognized by the RNA polymerase to start transcription. By interacting with 

RNA polymerase, transcription factors are able to either activate or repress the expression of genes. 

Cellular processes are coordinated by multiple transcription factors, which regulate themselves as 

well as each other, creating gene regulatory networks. In these networks, each node represents a 

transcription factor, and each link is a regulatory interaction. These interactions can be described by a 

gene regulatory function, which is a mathematical relationship that describes how the change in the 

cellular concentration of a transcription factor affects the transcriptional activity of the gene it regulates. 

These relationships, in turn, determine the expression levels of all proteins within cells, and thereby 

govern cell behavior at any given time.  

Despite their relevance, few studies have measured gene regulatory functions in a quantitative 

manner. Although these studies constitute an important step in elucidating the behavior of gene 

regulatory networks, they have limitations. First, most of these studies have been performed in bulk. By 

averaging over cell populations, they obscure the inherent stochasticity of transcription, which depends 

on a series of single-molecule events. Second, most of these studies have measured protein concentrations 

and transcriptional activities indirectly, possibly adding confounding factors to the measurements.   

In this thesis, I present work aimed at bridging the gaps in knowledge outlined above. To achieve 

this goal, we have developed a novel methodology that allows us to characterize the gene regulatory 

function of a promoter of interest in individual bacterial cells at the single-molecule level. I will 

demonstrate the development of a novel method to detect both individual mRNAs and protein molecules 

and to measure their copy-number in individual Escherichia coli cells. I also will show how we use the 

mRNA copy-number statistics to obtain information about the underlying stochastic kinetics of 

transcription. I will then use this technique to quantify the gene regulatory function of a promoter in one 

of the simplest and most well studied biological systems: the one comprised by the bacterium Escherichia 

coli and its virus, phage lambda.  
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This is the key of modern science and it was the 

beginning of the true understanding of Nature — this 

idea to look at the thing, to record the details, and to 

hope that in the information thus obtained might lie a 

clue to one or another theoretical interpretation.  

—Richard Feynman 

The Character of Physical Law 
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1 Background 

1.1 Gene expression is the main mover of the cell 

The instructions to produce the molecules that determine the behavior of a cell lie in its genetic 

material, or genome (Alberts 2008). The genome of a cell is composed of a double helix of 

deoxyribonucleic acid (DNA), which is an aperiodic linear organic polymer comprised of four types of 

monomers (represented by the letters A, T, G and C), called nucleotides. The particular order of the 

nucleotides in the DNA molecule determines its sequence, which is the basis of how genetic information is 

stored in cells.  Structurally, the two strands of DNA pair their sequences (A matches with T, and C 

matches with G) so that during DNA replication one strand can be used as a template to generate the 

other, allowing the genetic material to be inherited by the progeny of the cell. 

The basic unit of genetic information encoded in the genome is called a gene. A gene is a segment 

of the genome used as template to polymerize another molecule, the ribonucleic acid (also called 

messenger RNA, or mRNA), in a process named transcription. Transcription requires the binding of the 

RNA polymerase, which is the molecular machine that generates mRNA, to a sequence called the 

promoter, which is located close to the gene (Ptashne 2004). 

RNA, like DNA, is composed by four types of nucleotides 

(represented by the letters A, U, C, and G) that are very similar to 

the nucleotides of DNA. The mRNA constitutes a temporary copy 

of the sequence of its gene.  The mRNA is read by molecular 

machines called ribosomes to produce proteins, in a process called 

translation. During translation, the ribosome reads the coding 

sequence of an mRNA, and adds one amino acid (the monomers 

constituting proteins) to the protein chain for every three 

nucleotides in the mRNA.  

The process described above —the transcription of a gene 

into mRNA and the production of proteins from mRNA— is 

denoted globally as gene expression. The simplified diagram in 

Figure 1.1 represents gene expression in organisms such as 

bacteria; in the case of eukaryotes, gene expression involves 

additional steps (Ptashne and Gann 2002, Alberts 2008). This 

process is fundamentally important to biology, as proteins are the 

molecules that perform most of cell functions. Proteins catalyze 

Figure 1.1: A schematic of gene 

expression. The DNA contains the 

genetic information of a cell. The 

simplest unit of genetic information is 

the gene. The promoter is 

recognized by RNA polymerases to 

produce messenger RNA, which is 

translated into proteins by ribosomes. 

(Alberts 2008) 
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enzymatic reactions, transport molecules through cellular membranes, transduce signals from the 

membrane to the cell, and even constitute the machinery that allows gene duplication, transcription and 

translation themselves. Additionally, they constitute the main class of molecules that orchestrate 

transcription – and therefore gene expression. These molecules, which are the proteins of interest in this 

work, are called transcription factors (Ptashne 2004, Alberts 2008).  

1.2 Gene regulation by transcription factors 

Transcription factors regulate gene expression  

Gene expression is mainly regulated at the level of transcription (Alberts 2008). This fact has two 

clear advantages. First, by regulating the first step in the process, it avoids the production of unnecessary 

intermediaries, which would signify a wasteful expenditure of cellular resources. And second, as mRNAs 

are readily degraded (on the scale of minutes), transcriptional regulation can be enacted in shorter times 

than translational regulation, as protein lifetimes are generally longer than mRNA lifetimes (Alberts 

2008). Regulation is achieved mainly through the use of transcription factors (Ptashne and Gann 2002, 

Ptashne 2004, Alberts 2008). Transcription factors bind to the promoter region of a gene and modulate 

its activity by either changing the probability of the RNA polymerase to bind to the promoter, or by 

changing the probability of initiating transcription (Bintu, Buchler et al. 2005, Bintu, Buchler et al. 2005). 

Some transcription factors work as repressors, decreasing the activity of a gene, while others act as 

activators, increasing the activity of a gene.  

Transcription factors govern the state of a cell 

A single transcription factor can modulate the activity of multiple genes involved in a cellular 

process. The particular expression level of the transcription factors in a cell controls the types of proteins 

being expressed at any given time, which constitutes the state of the cell. Cells in different states will have 

a distinct set of cellular functions, and therefore will display a different repertoire of behaviors. In the case 

of unicellular organisms such as bacteria, cells may switch between different states to adapt to 

environmental challenges (Suel, Garcia-Ojalvo et al. 2006, Maamar, Raj et al. 2007, Zeng, Skinner et al. 

2010, Golding 2011). In the case of multicellular organisms, during organismal development cells change 

their pattern of expression in response to the deployment of different sets of transcriptions factors, in a 

process called differentiation (Slack 1991). As a result, each cell type that constitutes the body of an adult 

organism displays a distinct cellular state. The fact that transcription factors can determine the state of a 

cell has been used to transform adult differentiated cells into induced pluripotent stem cells by the 

exogenous expression of transcription factors (Takahashi and Yamanaka 2006, Takahashi, Tanabe et al. 

2007), a process called reprograming. Fully pluripotent stem cells have the ability to generate all the cell 

types in an adult animal, thus demonstrating the powerful nature of transcription factors. 
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Gene regulatory networks describe regulatory 

relations between transcription factors 

Transcription factors not only govern the expression of 

genes that execute cellular functions, but the expression of other 

transcription factors as well. In this way, different cellular 

processes control each other in a complex manner. The mutual 

regulation of multiple transcription factors can be represented by 

gene regulatory networks (Levine and Davidson 2005, Davidson 

and Levine 2008). In such networks, each node corresponds to a 

gene coding for a particular transcription factor, and each edge corresponds to a regulatory interaction, 

such as repression or activation (Figure 1.2). A transcription factor can not only activate or repress other 

transcription factors, but also itself, creating a direct feedback loop (Alon 2007). For many regulatory 

networks, the topology of the transcription factors expressed by a cell is known (Levine and Davidson 

2005, Davidson and Levine 2008). However, our knowledge of the expression levels of the transcription 

factors is very limited.  

The gene regulatory function governs the 

behavior of gene regulatory networks 

Knowing the topology of gene regulatory networks is a 

necessary step for a quantitative understanding of the process of 

cell state determination. However, this knowledge is insufficient 

for predicting how cell states switch between each other, or how 

stable they are over time in the face of environmental 

fluctuations. A deeper understanding of the dynamics of cell state 

determination require a more quantitative approach, one which 

acknowledges that transcription factors work in a dose-dependent 

manner.  Under such perspective, each of the edges in gene regulatory networks can be represented by a 

gene regulatory function.  The gene regulatory function describes how a change in the concentration of a 

transcription factor affects the expression level of the gene it regulates.  

For modeling purposes, the gene regulatory functions have been described as simple 

mathematical relations containing relatively few parameters.  The simplest function that has been used to 

model the gene regulatory function of gene networks is the step function (Alon 2007) (Figure 1.3). This 

function has the advantage of having a single parameter, which is the concentration at which the 

transcription factor will change the activity of the gene it regulates. Because of its simplicity, this model 

Figure 1.2: Schematic of a simple 

regulatory network. In this diagram 

we show a network of two mutually 

repressing transcription factors, A 

and B. A also regulates its own 

transcription through a direct positive 

feedback loop.  

 

Figure 1.3: Simple models to describe 

a gene regulatory function. Shown 

are two simple models of an 

activating regulatory function: a step 

function, and a Hill function.  
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may not capture the behavior of a gene regulatory function appropriately. A similar yet more realistic 

model used to describe gene regulatory functions is the Hill function (Alon 2007) (Figure 1.3). This 

model, like the step function, also has a threshold parameter. However, it also has a second parameter 

describing the “abruptness” of the transition. This model has proven to be more appropriate to describe 

the behavior of gene regulatory functions (Alon 2007). 

Despite the importance of gene regulatory functions for understanding the dynamics of gene 

regulatory networks, they have seldom been measured in a quantitative manner. In most of the cases 

where transcription factor regulation has been quantified, it has been done so indirectly. Gene expression 

is typically measured by quantifying protein production, using either fluorescent proteins (Rosenfeld, 

Young et al. 2005, Kim, Shay et al. 2009) or other reporters such as the enzymatic activity of β-

galactosidase (LacZ) protein (Dodd, Perkins et al. 2001, Dodd, Shearwin et al. 2004, Dodd, Shearwin et 

al. 2005, Kuhlman, Zhang et al. 2007) while regulation is typically quantified by measuring a proxy for 

the transcription factor concentration inside the cell (Setty, Mayo et al. 2003, Kuhlman, Zhang et al. 2007, 

Kaplan, Bren et al. 2008). These methods may introduce confounding factors that could obscure the 

measurement of the gene regulatory function. Furthermore, in most cases where gene regulatory 

functions have been quantified, the measurements have been done in bulk, that is, by averaging behavior 

over a cell population (Dodd, Perkins et al. 2001, Setty, Mayo et al. 2003, Dodd, Shearwin et al. 2004, 

Kuhlman, Zhang et al. 2007, Schubert, Dodd et al. 2007, Kaplan, Bren et al. 2008). In this way, important 

information about the transcription process may be lost (Zong, So et al. 2010, So, Ghosh et al. 2011). This 

is because single cells, in most cases, do not behave as we may expect from what is observed in population 

averages (Elowitz, Levine et al. 2002, Raj and van Oudenaarden 2008, Xie, Choi et al. 2008, Eldar and 

Elowitz 2010, Sanchez and Golding 2013).  

1.3 Gene expression is stochastic 

All processes inside cells —and in particular, transcriptional regulation— are based on chemical 

reactions. Most of our understanding of chemical kinetics is based on reactions performed in conditions 

close to thermodynamic equilibrium. Here reactions are carried out at constant temperature, chemical 

composition, with perfect mixing and in the presence of a number of molecules in the order of Avogadro’s 

number or higher. In such conditions, fluctuations in the macroscopic (average) properties of the system 

are negligible, and the systems’s dynamics can be described by differential equations that take into 

account only its average properties (Gillespie 2007). Individual cells, on the other hand, are systems out 

of equilibrium, with a chemical composition that changes in space and time, and where relevant 

molecules can be present in a few copies per cell (Raj and van Oudenaarden 2009, Li and Xie 2011). 

Under such conditions, the kinetics of chemical reactions would be dramatically affected by thermal 

fluctuations, rendering the occurrence of cellular processes inherently stochastic (Elowitz, Levine et al. 

2002, Golding, Paulsson et al. 2005, Raj, Peskin et al. 2006). In order to capture the variability in 
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transcription, it is then necessary not only to perform measurements at the single-cell level, but also to 

characterize the copy-number statistics of proteins and mRNAs at the single-molecule level.  

In this thesis, I aim to quantify the gene regulatory function of a promoter at the level of 

individual cells and molecules. In the next section, I will present the biological system in which we will 

perform these measurements: Escherichia coli and its virus, bacteriophage lambda. 

1.4 Escherichia coli and bacteriophage lambda 

Escherichia coli and phage lambda are the simplest model system in biology 

Escherichia coli (E. coli) is a rod-shaped 

Gram negative bacterium, commonly found in the 

intestine of humans and other animals (Neidhardt 

1987).  E. coli is the most widely studied bacterial 

organism, and has served as a paradigm for the 

study of how cells sense and integrate signals 

from the environment, and how those signals are 

processed to affect cellular behavior (Alon 2007, 

Alberts 2008). Bacteriophage (phage) lambda is a 

bacterial virus that infects E. coli. Its genome and 

the molecular players involved in the regulation of 

its life cycle has been studied to great detail 

(Hendrix 1983, Ptashne and Gann 2002, Ptashne 

2004, Oppenheim, Kobiler et al. 2005, Golding 

2011). Because of its simplicity in comparison to its eukaryotic counterparts, and because of the wealth of 

data available regarding the regulation of its lifecycle, the system comprised of E. coli and phage lambda 

has been used as a test bed for quantitative biology (Ackers, Johnson et al. 1982, Arkin, Ross et al. 1998, 

Dodd, Shearwin et al. 2004, Zeng, Skinner et al. 2010, Zong, So et al. 2010, Golding 2011, Hensel, Feng et 

al. 2012, Hensel, Weng et al. 2013).  

The life cycle of phage lambda begins as the phage infects an E. coli cell (Figure 1.4). After 

infection, the phage can follow two mutually exclusive pathways. In the lytic pathway, the phage 

replicates by hijacking the cellular machinery. As a result, the cell is destroyed, releasing in the process 

hundreds of phages to the environment. Alternatively, in the lysogenic pathway, the phage genome can 

be inserted in the bacterial genome, generating a cell called a lysogen. The lysogenic state is extremely 

stable, maintaining the gene dormant for millions of cell generations (Little and Michalowski 2010, Zong, 

Figure 1.4: The lifecycle of phage lambda. After 

infection, phage lambda has to choose between two 

mutually exclusive pathways, lysis (cell death) or 

lysogeny (dormancy). The lysogenic state is extremely 

stable, but given the proper conditions, it can be 

efficiently induced to follow the lytic pathway. Figure 

taken from (Golding 2011). 
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So et al. 2010). However, under the appropriate environmental conditions, the phage can be forced out 

the lysogenic state into the lytic pathway.  

The core regulatory network governing the phage lambda life cycle 

The stages of the phage lambda life cycle described in the previous section are reminiscent of 

processes observed in multicellular organisms: the decision between lysis and lysogeny is analogous to the 

decision between two different cell types; the maintenance of the lysogenic state is analogous to the 

maintenance of a cell state in an adult organism, and the induction of a lysogen is analogous to the 

reprograming of an adult cell to produce a induced pluripotent stem cell. Despite the presence of diverse 

behaviors, similar to those found in higher 

organisms, the core regulatory network 

governing the phage lambda life cycle is 

very simple (Ptashne 2004, Oppenheim, 

Kobiler et al. 2005, Golding 2011). At its 

core, the regulatory network of phage 

lambda is comprised of two mutually 

repressing transcription factors: the lambda 

repressor CI and Cro (Figure 1.5).  

In this system, CI is produced from 

the PRM promoter, and Cro is produced from 

the PR promoter (Ptashne 2004, Golding 

2011). In the lysogenic state, the PRM promoter is active and the concentration of CI is high. CI binds to its 

own promoter increasing its activity at low and intermediate concentrations and represses itself at high 

concentrations (Ptashne 2004, Golding 2011). In addition to regulating itself, CI binds to PR, repressing 

the expression of Cro. This regulation allows CI to stabilize the lysogenic state, while leaving the cell 

primed to undergo lysis if the environmental pressures are strong enough. The high-CI state can be 

maintained for many cell generations (Little and Michalowski 2010, Zong, So et al. 2010); however, if the 

cell suffers genome damage, the CI repressor will be degraded, lifting the repression of Cro. The Cro 

concentration will then increase, repressing the production of new CI molecules and leading to a cascade 

of events that eventually will force the cell to follow the lytic pathway (Ptashne 2004, Golding 2011). 

1.5 Description of this work 

As CI is the main regulator involved in the maintenance of the lysogenic state and the main player 

involved in the induction of lysis from the lysogenic state, we will use the PRM promoter as a test bed to 

measure the gene regulatory function of a simple gene regulatory network with single-cell and single-

Figure 1.5: The core regulatory circuit of phage lambda. The 

decision between lysis and lysogeny is mainly governed by two 

mutually repressing transcription factors, CI and Cro. Figure 

taken from (Golding 2011). 
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molecule resolution. In Chapters 2 and 3 I will introduce single-molecule fluorescence in situ 

hybridization, a method to measure the mRNA copy-number statistics from a gene of interest. In 

Chapter 4, I will introduce quantitative immunofluorescence, our method for measuring the copy-

number statistics of a protein of interest (in our case a transcription factor). In Chapter 5, I will describe 

how we combine these two techniques to measure transcriptional regulation by counting the absolute 

number of CI transcription factors within a cell and by characterizing transcriptional activity of the PRM 

promoter at the level of individual mRNA molecules. Finally, in Chapter 6, I will describe the future 

directions of our research.  
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2 Measuring mRNA copy number in individual 

Escherichia coli cells using single–molecule 

fluorescent in situ hybridization  

In order to study transcriptional regulation in individual bacterial cells, both the number of 

mRNA molecules from the gene of interest and the number of transcription factors regulating that gene 

must be measured. In this chapter, I will introduce single-molecule fluorescent in situ hybridization 

(smFISH), a method used to detect individual mRNA molecules of an endogenous gene and measure their 

copy number in individual E. coli cells. The general workflow of the protocol, including cell labeling, 

image analysis and single-molecule quantification will be presented, and the accuracy and limitations of 

the method discussed. In the next chapter, I will describe how the single-cell mRNA statistics, when 

combined with theoretical modeling, can be used to obtain information about the underlying stochastic 

kinetics of transcription. Parts of this chapter are taken from Skinner S.O.*, Sepúlveda L.A.*, Xu H., 

Golding I., (2013) “Measuring mRNA copy number in individual Escherichia coli cells using single-

molecule fluorescent in situ hybridization.” Nat. Protoc. 8(6):1100-13. (*equal contribution).   

2.1 Single-molecule fluorescent in situ hybridization (smFISH) 

 Fluorescent in situ hybridization 

(FISH) has been used to detect individual 

mRNA molecules of a gene of interest and 

measure their copy number in individual 

eukaryotic cells (Femino, Fay et al. 1998, Raj, 

Peskin et al. 2006, Zenklusen, Larson et al. 

2008). This procedure is referred to as single-

molecule FISH (smFISH, Figure 2.1). 

Different variants of the method exist (Raj, 

van den Bogaard et al. 2008, Taniguchi, Choi 

et al. 2010, Trcek, Chao et al. 2012). In one 

particularly popular protocol, introduced by 

Raj et al (Raj, van den Bogaard et al. 2008), 

~20-base-long nucleotides are used as probes. 

Each probe is labeled with a single fluorescent 

dye molecule, and a set of ~50 different 

Figure 2.1: Schematics of single-molecule Fluorescent in situ 

hybridization method. ~50-100 fluorescently labeled probes 

(black lines with red circles) are hybridized against the 

target mRNA (purple). As a result, mRNAs are visible as 

diffraction-limited foci under the microscope (small red 

circles). mRNAs located closer than the diffraction limit 

(~250 nm) will overlap, generating stronger foci (big red 

circles).   
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probes are hybridized to the mRNA of interest. As a result, a single mRNA molecule produces enough 

signal to be easily detectable as a diffraction-limited spot under the fluorescence microscope. Counting 

these spots provides an estimate of mRNA copy-number in the cell. 

2.2 Using smFISH for mRNA counting in E. coli 

We recently adapted smFISH for measuring the number of mRNA copies from a gene of interest 

in individual E. coli cells (Zong, So et al. 2010, So, Ghosh et al. 2011). Examining the copy-number 

statistics in a population of cells then allows us to extract the parameters of stochastic gene activity, 

namely how often transcription bursts occur (burst frequency) and how many mRNA molecules are 

produced within each burst (burst size). This procedure can be repeated for different endogenous genes, 

under different growth conditions and expression levels (So, Ghosh et al. 2011). Our protocol is derived 

from the one by Raj et al.(Raj, van den Bogaard et al. 2008) in terms of probe design and biochemical 

procedures used. However, we diverge from other smFISH protocols (Raj, van den Bogaard et al. 2008, 

Trcek, Chao et al. 2012) in two important aspects. 

The first difference is that the estimation of mRNA number in the cell is not achieved by counting 

discrete spots, but instead relies on quantifying localized fluorescence. Owing to the optical properties of a 

standard fluorescence microscope, a single mRNA molecule creates an image of size ~250 nm in the 

horizontal plane (Thompson, Larson et al. 2002, Lubeck and Cai 2012). Thus, two molecules that are 

closer than that distance will overlap each other and will not be detectable as separate spots (Figure 2.1). 

This distance is equivalent to a concentration of ~10 nM or ~10 molecules in one E. coli cell. For 

comparison, the induced lactose promoter produces ~50 mRNA molecules per cell (So, Ghosh et al. 2011). 

Thus, counting spots will not allow us to reliably measure mRNA levels for a highly expressed gene in E. 

coli, because many of the apparent spots will consist of more than one mRNA. Our solution is instead to 

measure the number of bound probes on the basis of the total fluorescence intensity (photon flux) of the 

spots, without requiring that individual mRNAs appear as separate spots. By performing a calibration 

step, the total intensity of spots in the cell can then be converted to the number of target mRNAs. This 

procedure is inspired by the method we previously developed for counting mRNAs in live cells using the 

MS2-GFP labeling scheme (Golding, Paulsson et al. 2005, Golding and Cox 2008). It involves the 

development of automated image and data analysis algorithms, as described below. 

A second difference from most previous protocols (Maamar, Raj et al. 2007, Taniguchi, Choi et al. 

2010, Trcek, Chao et al. 2012) is that all biochemical steps (fixation, permeabilization, washes and hybrid-

ization) are performed in test tubes rather than on microscope slides. We reasoned that quantitative 

biochemical measurements require perfect mixing and uniformity of conditions. In contrast, cells 

attached to a slide are subject to nonuniform conditions, sometimes resulting in spatially inhomogeneous 

labeling (Kafri, Levy et al. 2013). Uniformity is especially crucial when one is aiming to accurately quantify 
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Figure 2.2: Experimental procedure. 

(A) Image acquisition. Phase-contrast 

and fluorescence images are 

acquired for each sample. Multiple 

focal planes (z positions) are imaged 

to allow precise fluorescence 

detection throughout the depth of 

the cell. (A) Cell and spot 

segmentation. The positions of 

individual cells and fluorescent foci 

(spots) are identified using custom 

MATLAB codes. Cell recognition uses 

as input the phase contrast images, 

and is performed using the 

Schnitzcells program. Fluorescent 

spots are identified from the stacks of 

fluorescence images, using the 

Spätzcells program developed in our 

laboratory. (C) Discarding false 

positives. False-positive spots, which 

are the result of probe binding to 

nontarget RNA, are discarded after 

examination of the histogram of peak 

height (spot intensity maximum) in a 

negative sample. (D) Identifying 

fluorescence intensity of one mRNA. 

The spot intensity corresponding to a 

single mRNA molecule is identified by 

examining the histogram of single 

spot intensities in a low-expression 

sample, where individual mRNAs are 

spatially separable. (E) Converting 

fluorescence intensity into mRNA 

numbers and extracting kinetic 

parameters. The one-mRNA intensity 

value is used to convert the total spot 

intensity in any cell to the number of 

target mRNA molecules. By 

measuring mRNA numbers in >1,000 

cells per sample, the population 

mean and variance are estimated. 

The copy-number histogram is fitted 

to a simple model of transcription 

kinetics. The parameters of the fit are 

used to calculate the frequency and 

size of transcription bursts (See 

Chapter 3). Scale bars, 1 μm. a.u., 

arbitrary units. Figure adapted from 

(Skinner, Sepulveda et al. 2013) 

cell-to-cell variability, as one must avoid increasing any experimental heterogeneity. We therefore 

developed the tube-based protocol presented here. In the sections below, I will describe the workflow of 

the method (Figure 2.2). The detailed protocol can be found in Appendix B1.  
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Probe design 

Probe design is based on the protocol described in (Raj, van den Bogaard et al. 2008, Raj and 

Tyagi 2010). In brief, a set of 48–72 oligonucleotide probes is designed to bind to the target RNA. As 

guidelines for the design, we set the probes to be between 17 and 22 (typically 20) nucleotides long, 

keeping an interprobe separation of at least two nucleotides and a GC content as close as possible to 45%. 

To design such a set, we use the Probe Designer algorithm developed by Arjun Raj (available at 

http://www.singlemoleculefish.com/). The probes are covalently coupled to fluorescent dyes, and purified 

by ethanol precipitation. 

Cell labelling and imaging  

Each experiment is performed using the strain of interest, a low-expression control sample and a 

negative control sample (i.e., a strain lacking the target mRNA). The cells to be studied are grown 

overnight. The next day, cells are grown to mid-log phase, fixed and permeabilized. The cells are then 

mixed with the labeled probes and hybridized overnight. The next morning, the cells are washed to 

remove nonhybridized probes, and they are finally resuspended in imaging buffer. These steps are all per-

formed in tubes to guarantee that all cells experience a uniform environment and to promote perfect 

mixing. 

To acquire data, cells are placed between a coverslip and a thin agar slab (Appendix B5) and 

imaged using both phase contrast and epifluorescence microscopy (Figure 2.2A). Images are acquired 

using a high-quantum-yield, cooled charge-coupled device (CCD) camera. Multiple positions on the 

coverslip, providing data for >1,000 cells from each biological sample, are taken. Imaging is performed at 

multiple focal planes (z positions) to allow high-resolution coverage of the cell depth (~1 μm). 

Image processing  

Next, images are analyzed using custom MATLAB codes in order to obtain the positions of 

individual cells and fluorescent foci (Figure 2.2B). Cell recognition uses the stacks of phase contrast 

images as input, and is performed using the Schnitzcells program (Young, Locke et al. 2012). Fluorescent 

foci (spots) are identified from the stacks of fluorescence images, using the Spätzcells program (available 

at http://code.google.com/p/spatzecells/), developed in our lab for that purpose. 

Converting fluorescent foci intensity to mRNA numbers 

The conversion of fluorescent foci intensity to mRNA numbers is achieved in a few steps (Figure 

2.2C–E). First, false-positive spots, which are the result of probe binding to nontarget RNA, are 

discarded after examination of spot statistics in a negative control sample. Next, the spot intensity 
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corresponding to a single mRNA molecule is identified by examining the histogram of spot intensities in a 

low-expression control sample, where individual mRNAs are spatially separable. Finally, this single-

mRNA intensity value is used, in a sample of an unknown expression level, to convert the total spot 

intensity in each cell to the estimated number of target mRNAs. 

Obtaining mRNA copy-number statistics 

By measuring mRNA numbers in >1,000 cells, the population mean and variance are estimated. 

The copy-number histogram is fitted to a simple theoretical model for stochastic gene activity (Figure 

2.2E). The fitting parameters are used to estimate the rate and size of transcription bursts from the gene. 

mRNA half-life, which is required for this calculation, can be measured using standard methods (Zong, So 

et al. 2010, So, Ghosh et al. 2011). A more detailed description of the theoretical models and of the 

parameter estimation procedure will be given in Chapter 3. 

2.3 Accuracy and dynamic range of smFISH measurements 

The protocol allows measuring the absolute number of endogenous mRNA molecules from a gene 

of interest in individual E. coli cells. The dynamic range of the measurement is from <1 to ~100 molecules 

per cell (So, Ghosh et al. 2011) (Figure 2.2). The estimated precision of the measurement is <1 (i.e., 

single-molecule resolution) at low mRNA levels (Figure 2.2D). Under the assumption that the labeling 

and detection of individual mRNA molecules are statistically independent (Zenklusen, Larson et al. 

2008), this translates to an error of a few percent at the higher end of the measurement range. Although 

other factors may increase the measurement error, the low error estimation is supported by the good 

agreement that smFISH data show with quantitative PCR (qPCR) (Zong, So et al. 2010, So, Ghosh et al. 

2011), as well as with theoretical predictions (Zong, So et al. 2010, So, Ghosh et al. 2011). In a typical 

experiment, mRNA numbers from >1,000 individual cells are measured for a given sample, and the 

population mean 〈n〉 and variance σ2 are estimated (Zong, So et al. 2010, So, Ghosh et al. 2011). The copy-

number histogram is fitted to a simple model of transcription kinetics (Peccoud and Ycart 1995, Raj, 

Peskin et al. 2006, Shahrezaei and Swain 2008) (see Chapter 3). The parameters of the fit are used to 

calculate the frequency and size of transcription bursts (Golding, Paulsson et al. 2005, Zong, So et al. 

2010, So, Ghosh et al. 2011). We have previously used the above procedure to characterize the activity of 

20 promoters under different growth conditions (Zong, So et al. 2010, So, Ghosh et al. 2011). 

2.4 Limitations of the method 

As described above, the purpose of the protocol is to obtain a precise estimate of the number of 

mRNA molecules from a gene of interest in individual cells, and to use copy-number statistics from a 
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population of cells to extract the underlying parameters of stochastic gene activity. Achieving this goal can 

be hindered by a number of factors. First, the calibration of fluorescence intensity to the number of mRNA 

molecules requires the use of a completely negative (i.e., no mRNA of interest present) control sample in 

order to discard false-positive spots, as well as a low-expression control sample, in which most mRNAs 

are discernible as individual spots. There may be cases in which either of these controls is not available, 

for example, if the gene of interest is essential and cannot be deleted. In those cases, calibration is harder 

to perform and may result in lower accuracy. 

We also note that the accuracy of the measurement is estimated mainly using internal controls, 

namely by assessing the error in identifying the single mRNA peak in the spot intensity histogram 

(Figure 2.2D). Additional external controls are potentially very useful. In particular, it can be helpful to 

compare spot intensity with the fluorescence of individual probes in order to estimate the probe 

hybridization efficiency (Trcek, Chao et al. 2012) or to compare smFISH-based mRNA levels with the 

results of qPCR (Zong, So et al. 2010, So, Ghosh et al. 2011). However, in our hands, these added 

measurements are more technically challenging than the smFISH measurements themselves and are 

harder to render quantitative, and thus they are limited as standards against which to compare the 

smFISH data. 

The estimation of gene activity parameters—frequency and size of transcription bursts—is 

performed using the mRNA copy-number histogram in a population of cells. The validity of this 

procedure depends on the assumption of a steady state, i.e., that mRNA production and degradation in 

the cells are balanced (Peccoud and Ycart 1995, Raj, Peskin et al. 2006, Shahrezaei and Swain 2008, 

Zong, So et al. 2010). This assumption is most easily fulfilled during exponential cell growth. In some 

cases, however, gene activity outside steady state is of interest, such as in the case of the transient 

response to an external stimulus such as a drug (Cohen, Geva-Zatorsky et al. 2008, Geva-Zatorsky, Dekel 

et al. 2010). In that case, mRNA numbers can be measured in samples taken at different time points, with 

a temporal resolution of ~1–2 min (limited by sample handling times). The analysis of cell-to-cell 

variability in that case is more complicated than in the steady-state case (Shahrezaei and Swain 2008). 

Another challenge in converting mRNA statistics to gene activity is the presence of multiple gene 

copies in the single cell. An E. coli cell growing in rich medium at 37 °C may contain up to eight copies of a 

chromosomal gene (Neidhardt 1996), with different cells in the population having different copy 

numbers. The observed number of mRNA molecules in a given cell reflects the combined stochastic 

activity of each of these gene copies. Neglecting such dosage effects will lead to distorted parameter 

estimation (So, Ghosh et al. 2011) (see Chapter 3). To avoid this, cells can be grown at a slow growth rate 

( >80 min generation time (Bates and Kleckner 2005) ). Under such conditions, a chromosomal gene will 

only replicate once in the cell cycle, and cells having one versus two gene copies can be discriminated on 

the basis of cell length (So, Ghosh et al. 2011). 
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2.5 Summary 

In this chapter, I described how we quantify mRNA copy-number statistics in individual E. coli 

cells using single-molecule fluorescent in situ hybridization. The protocol was outlined and the accuracy 

and limitations of the method were discussed. In the next chapter, I will describe how the single-cell 

mRNA statistics, when combined with theoretical modeling, can be used to obtain information about the 

underlying stochastic kinetics of transcription. 
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3 Obtaining transcription kinetics from mRNA copy-

number statistics 

In the previous chapter,  I described how we quantify mRNA copy number in individual E. coli 

cells using single-molecule fluorescent in situ hybridization (smFISH). In this chapter, I will describe the 

simple phenomenological models we use for analyzing the single-cell mRNA copy-number statistics. 

These models give us the ability to extract the kinetic parameters of the underlying transcription process. 

I will also describe how we correct for the presence of multiple gene copies within single cells.  All the 

results described in this chapter are my original work, unless otherwise stated.  

3.1 Phenomenological models of transcription  

All processes in living cells can be described as either the simultaneous or sequential occurrence 

of multiple single-molecule reactions (Raj and van Oudenaarden 2009, Li and Xie 2011). For the case of 

transcription in E. coli, the simplest scenario involves the encounter between a segment of the 

chromosome containing a gene promoter and an RNA polymerase molecule. A more complete account of 

transcription would also require considering the binding of transcription factors (or other molecules) that 

modulate the interaction between the promoter and RNA polymerase (Bintu, Buchler et al. 2005, Bintu, 

Buchler et al. 2005). All these target-finding processes depend on random events dominated by diffusion, 

which makes transcription, and by extension all other cellular events, an inherently stochastic process 

(Elowitz, Levine et al. 2002, Raj and van Oudenaarden 2008, Golding 2011).   

A full mechanistic model of transcription would require 

measuring parameters that describe all the steps involved in the 

process (rates of binding and unbinding of molecules to the gene, 

and also rates describing the internal dynamics of the molecules). 

Our measurements, however, only account for the final product of 

transcription: the number of produced mRNA molecules. A first 

approximation involves condensing all the molecular complexity of 

the transcriptional processes into indeterminate “states”, which 

then give rise to the observed phenomena. In such a 

phenomenological model (Paulsson 2005, Munsky, Neuert et al. 2012), parameters no longer correspond 

to specific molecular steps, but instead amount to effective rates which relate to the underlying 

mechanisms in an undetermined manner.   

Figure 3.1: A transcriptional time 

series. The horizontal axis is in 

arbitrary time units. Every vertical 

bar represents a single mRNA 

production event.  
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One can gain intuition about phenomenological models of transcription by explicitly simulating a 

realization of the stochastic process they exemplify. Each type of process will produce a distinctive 

temporal pattern of single-mRNA production events, also called a transcriptional time series (Golding, 

Paulsson et al. 2005, Golding and Cox 2006, So, Ghosh et al. 2011) (Figure 3.1).  Once the natural decay 

of mRNA is taken into account, these models fully describe the mRNA copy-number statistics, which can 

be observed experimentally. Thus, by fitting the mRNA copy-number statistics obtained from a 

population of cells using smFISH, one can gain information of the underlying transcriptional kinetics. In 

the following sections, I will describe the most widely used models to describe the stochastic kinetics of 

transcription.  

The Poisson process 

The simplest model used to describe stochastic transcription is the Poisson process (Figure 

3.2A, left) which uses a single rate to describe the kinetics of a system. Applied to transcription, the single 

Poisson rate corresponds to the probability to transcribe a single mRNA molecule per unit time (Paulsson 

2005, Golding and Cox 2006, Munsky, Neuert et al. 2012). The transcriptional time series of the Poisson 

process is characterized by transcriptional events separated by exponentially distributed time intervals 

Figure 3.2: Phenomenological models of gene expression. (A). The Poisson process describes transcription as having 

one state (left) that produces mRNA with constant rate 𝑘𝑇𝑋. The mRNA is then degraded with rate 𝑘𝑑. The resulting 

transcriptional time series (right) shows events separated by exponentially distributed time intervals. (B) The two-state 

model describes a gene as being either active or inactive (left). An inactive gene can be activated with a rate  𝑘𝑜𝑛. 

While active, the gene can produce mRNA with a constant rate 𝑘𝑇𝑋 or transition back to the inactive state with rate  

𝑘𝑜𝑓𝑓. The transcriptional time series of the two-state model shows distinct bursts of transcription, moments of intense 

transcriptional activity (right) separated by moments of quiescence. (C) The N-state model allows multiple 

transcriptional states (left), resulting in a transcriptional time series (right) with features from multiple processes. The 

parameters for the shown transcriptional time series and mRNA distribution are a mixture of the processes described 

in (A) and (B). 
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(FIGURE 3.2A, right). The steady state mRNA copy-number distribution arising from this process is 

described by the Poisson distribution:  

 (   )   
    

  
 

where  (   ) is the probability of having   molecules per cell,        ⁄ ,     is the rate of 

transcription and    is the rate of mRNA degradation (Figure 3.2A, left). Experimentally, this model has 

been verified to describe transcription for low-expression genes both in bacteria and higher eukaryotes 

(Zenklusen, Larson et al. 2008, So, Ghosh et al. 2011). Despite the model’s success, in the majority of 

cases a simple Poisson model is not suitable to describe the mRNA copy-number statistics and more 

complex models are needed.  

The two-state model 

Another possible model which could be used to describe gene expression is the two-state model 

(Peccoud and Ycart 1995, Paulsson 2005, Raj, Peskin et al. 2006, Shahrezaei and Swain 2008). In this 

model, the gene can be in two possible states, active (on) or inactive (off) (Figure 3.2B, left). When 

inactive, the gene transitions to the active state with rate    . When active, the gene can either produce 

mRNAs with rate     or transition back to the inactive state with rate     . The transcriptional time series 

of the two-state model is characterized by periods of intense activity, or bursts, separated by periods of 

quiescence (Golding, Paulsson et al. 2005, Golding and Cox 2006) (Figure 3.2B, right). 

As in the case of the Poisson process, the two-state model can be solved analytically (Peccoud and 

Ycart 1995, Raj, Peskin et al. 2006, Shahrezaei and Swain 2008).  In the particular case that         , 

that is, when the dwell time in the active state is much shorter than the mRNA lifetime (referred to as the 

rapid burst approximation), the steady state distribution of the two-state model is given by a negative 

binomial distribution (Peccoud and Ycart 1995, Raj, Peskin et al. 2006, Zong, So et al. 2010): 

 (     )   (
     

 
)  (   )  

where        ⁄  is the frequency of the transcription bursts per mRNA lifetime, and   

     (        )⁄  is the probability of the gene turning from the active to the inactive state.  

mRNA copy-number statistics have been shown to be consistent with the two-state model in a 

variety of systems, including bacteria (Raj, Peskin et al. 2006, Zong, So et al. 2010, So, Ghosh et al. 2011), 

yeast (Zenklusen, Larson et al. 2008) and mammalian cells (Raj, Peskin et al. 2006).  The existing work 

that has directly measured mRNA kinetics, has also found that transcription is bursty (Golding, Paulsson 

et al. 2005, Chubb, Trcek et al. 2006, Larson, Fritzsch et al. 2013).  
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The N-state model and the finite state projection algorithm 

Both the Poisson process and the two-state model can be considered special cases of a more 

general N-state model.  In the N-state model, each transcriptional state   produces mRNA with a rate     
 , 

and can transition to an adjacent state     with rate        (Munsky and Khammash 2006, Munsky, 

Neuert et al. 2012, Neuert, Munsky et al. 2013) (Figure 3.2C, left). The N-state model allows for the 

modeling of complex regulation schemes, like promoters having multiple states. The resulting 

transcriptional time series (Figure 3.2C, right) can be described 

as the mixture of several processes. Because of its complexity, the 

N-state model does not have an analytical solution. However, it is 

possible to obtain its steady state distribution using the Finite State 

Projection (FSP) algorithm (Munsky and Khammash 2006).   

The FSP algorithm gives an approximate solution to the 

chemical master equation of the system. This equation is a system 

of ordinary differential equations describing how the probability 

 (   ) of having   mRNAs and being in the transcriptional state   

changes over time. As   can be any non-negative integer, this 

system corresponds to an infinite set of equations. However, as in a 

bacterial cell the number of mRNAs produced by a promoter rarely 

surpasses the hundreds, most of the states in the infinite system 

will never be visited. The FSP algorithm leverages this observation 

and instead solves a truncated version of the chemical master 

equation. Depending on the number of terms considered, the error 

in the approximated solution can be made arbitrarily small 

(Munsky and Khammash 2006).  

3.2 Correcting for the effect of multiple 

gene copies 

E. coli cells typically harbor multiple gene copies 

The doubling time of E. coli growing in exponential phase 

can range from ~20 min to many hours, depending on parameters 

such as temperature, pH, and the type of nutrients in the culture (Neidhardt 1987). For slow growing cells 

(doubling times longer than 2 hrs) the bacterial cell cycle shows three stages, B, C and D (Neidhardt 1987, 

Michelsen, Teixeira de Mattos et al. 2003). B is the time between cell birth and the beginning of 

Figure 3.3: Change in cell cycle 

parameters and average gene copy 

number with generation time. (A) 

Dependence of the C and D periods 

of E. coli on the generation time. Data 

is taken from (Michelsen, Teixeira de 

Mattos et al. 2003). The lines are 

polynomial fits to the data. (B) Curves 

showing the average number of gene 

copies over a cell population for the 

case of a gene located close to the 

origin (gray line) or the terminus (black 

line) of chromosome replication.  
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chromosome replication, C is the time during which the chromosome is replicated and D is the time 

between the end of chromosome replication and cell division. Under such conditions, a cell starts its life 

with one genome equivalent and ends up with two. As the doubling time of E. coli decreases, the B, C and 

D periods shorten (Figure 3.3A) until the B period disappears. When the doubling time goes below the 

minimum attainable C+D period (~60 minutes, C~40 min, D~20 min (Cooper and Helmstetter 1968, 

Michelsen, Teixeira de Mattos et al. 2003), Figure 3.3A), the genome replication starts before the 

mother chromosome has finished the previous round of replication, allowing for multiple copies of a gene 

to be present in a single cell. A simple expression relates the cell cycle parameters with the average 

number of gene copies of a locus of interest over a cell population,  〈 〉 (Neidhardt 1987) (Figure 3.3B):  

〈 〉   
[ (    )  ]

   

where   and   are the cell cycle 

parameters in minutes (Figure 3.3A),    is 

the normalized distance along the genome 

from the gene to the origin of replication, 

and    is the doubling time in minutes. For 

cells growing in nutrient-rich LB media 

(Appendix A1), a gene close to the origin 

(    ) can have eight copies (Figure 3.4, 

left ) while a gene in between the origin and 

the terminus of replication (      ) can 

have up to four gene copies before cell 

division (Figure 3.4, right)  (Nielsen, 

Ottesen et al. 2006).  

Using cell length as a proxy for cell cycle progression 

As described in the previous section, unless grown in poor media, E. coli will harbor multiple 

copies of its genome. This is a complicating factor that needs to be taken into account when attempting to 

extract kinetic parameters from population statistics obtained using smFISH. To solve this problem, we 

perform an analysis requiring two mayor steps: first, we separate the cells into groups containing the 

same number of gene copies, and second, we fit each of the resulting populations with phenomenological 

models that consider the effect of gene copy number in the resulting distributions. We demonstrate this 

procedure below, measuring as example the cI gene in a lambda lysogen grown in LB media. Under these 

conditions, we expect newborn cells to have two cI gene copies, and dividing cells to have four (Nielsen, 

Ottesen et al. 2006). 

Figure 3.4: E coli cells typically harbor multiple gene copies. 

Wild type E. coli cells harboring a reporter system to mark a 

gene locus were grown in LB media and imaged under an 

epifluorescence microscope. When the reporter  was located 

close to the origin of replication (𝑚    , left),  cells show up to 

8 gene copies, while cells with the reporter system located in 

between the origin and the terminus of replication (𝑚     ) 

show up to 4 gene copies. Image adapted from (Nielsen, 

Ottesen et al. 2006). 
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To separate the cells into groups, we used the 

fact that during exponential growth, E. coli cell length 

scales linearly with cell age (Wang, Robert et al. 2010, 

Youngren, Nielsen et al. 2014). This means that short 

cells are equivalent to newborn cells, and long cells 

are equivalent to cells about to divide. Thus, in theory, 

if newborn cells have cell length    and   gene copies, 

then dividing cells should have cell length     and    

gene copies. Our experiments, however, showed that 

the span of the cell length distribution exceeds a two-

fold range (Figure 3.5A, bottom, red line). To find   , 

we calculated the fraction of cells of the total 

population inside a gate two-fold in cell length (i.e. 

from length   to    ) for every cell length  .    was the 

cell length where this fraction was maximal (Figure 

3.5A, top, magenta line, and bottom, gray area). 

Measuring the mean mRNA expression level 

within the        range, we found that the expression 

level of long cells is double the one of short cells. The 

mean number of mRNA in short cells (Figure 3.5B, 

pink area) is 4.8±0.2, while the mean number in long 

cells (Figure 3.5B, light blue area) is 9.2±0.4. This is 

consistent with our expectation that long cells should 

have double the gene copies of short cells.  

The fact that the mean mRNA copy level 

doubles during the cell cycle suggests that the 

contribution of each gene copy to the total mRNA 

level in the cell is not affected by the presence of other 

gene copies, or in other words, it is consistent with the 

possibility that different gene copies are independent 

of each other. An additional way to test this possibility 

is to compare not only the mean mRNA levels of 

newborn and dividing cells, but also their 

distributions. For two independent random variables, 

the distribution of their sum corresponds to the 

convolution of their distributions (Hogg, McKean et 

Figure 3.5: Correcting for the effect of multiple gene 

copies. (A) Top. We found the length 𝑙  of newborn 

cells as the one that maximizes the fraction of cells 

in a gate extending from 𝑙  to   𝑙  (magenta line). 

Bottom. The fraction of the cell population inside the 

cell length gate is shown as a shaded area (gray) 

under the cell length histogram (red line). (B) mean 

mRNA level versus cell length inside the 𝑙  to   𝑙  

gate. The mean expression level in newborn cells 

(pink shading) is close to half the mean expression 

level of dividing cells (blue shading) (C) The 

autoconvolution of the mRNA distribution of short 

cells (𝜑𝑠ℎ𝑜𝑟𝑡
∗2 , blue line) overlaps very well with the 

mRNA distribution from dividing cells, suggesting 

that gene copies are independent. The analysis is 

done in a NK4079 lambda lysogen (Appendix A1). 

Error bars are s.e.m. 
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al. 2005). Thus, if the gene copies are independent, the observed mRNA distribution from long cells 

(     ) should correspond to the autoconvolution of the observed mRNA distribution in short cells 

(  ℎ   ): 

         ℎ   ∗   ℎ      ℎ   
∗2   

 In Figure 3.5C, we show the experimental   ℎ    and       distributions, along with the 

autoconvolution for short cells,    ℎ   
∗2 . We can see that    ℎ   

∗2  overlaps       closely, suggesting that at 

least in our data, gene copies seem to be transcriptionally independent. 

3.3 Model fitting and parameter estimation   

The independence of the gene copies allowed 

us to infer the single-gene distribution from a 

population of cells with a different number of gene 

copies. As described in the previous section, we expect 

that a newborn lysogen grown in LB should have two 

cI gene copies, and a dividing lysogen, four. In that 

case,       and   ℎ    (Figure 3.5C) can be expressed 

as convolutions of the unknown single-gene mRNA 

copy-number distribution,        :  

  ℎ            
∗2                  

∗  

A similar convolution relationship applies to 

the phenomenological models described in the 

Section 3.1 (Hogg, McKean et al. 2005). Take for 

example the negative binomial distribution  (     ), 

which describes the mRNA copy-number histogram of a two-state model (see Section 3.1). The 

relationship between the single-gene and the multi-gene distributions is given by:  

 (     )∗    (      )  

where  (     ) is the single-gene steady-state mRNA distribution and   is the number of gene 

copies inside a cell. In other words, for the two-state model, the burst frequency   scales linearly with gene 

copy number (So, Ghosh et al. 2011). Thus, in order to obtain the transcriptional parameters of the 

unknown single-gene distribution,        , we fit   ℎ    and       simultaneously to negative binomial 

distributions, with two constraints: that both fits use the same parameter  , and that the burst frequency   

of long cells is twice the one of the short cells. The resulting fits (Figure 3.6, red and blue lines) match 

Figure 3.6: Extracting kinetic parameters. The 

distribution of short cells,  𝜑𝑠ℎ𝑜𝑟𝑡, (pink circles) and 

the distribution of long cells, 𝜑𝑙𝑜𝑛𝑔 , (light blue 

circles) are fitted simultaneously to negative 

binomial distributions (red and blue lines, 

respectively). The parameters obtained from this fit 

can be used to obtain the predicted mRNA copy- 

number distribution for a single cI gene (green line). 

The analysis is done in a NK4079 lambda lysogen 

(Appendix A1). Error bars are s.e.m. 
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the experimental data well (Figure 3.6, pink and light blue circles).  The obtained parameters can be 

used to reconstruct the expected single-gene mRNA distribution (Figure 3.6, green line).  The values of   

and   can be used to estimate the frequency,  , and size,  , of transcription bursts as follows:           , 

where     is the mRNA lifetime (measured separately using standard methods (Zong, So et al. 2010, So, 

Ghosh et al. 2011)),  and     (     )  . For our data, we found that               min-1 and     

        , which means that for each gene, one burst occurs every ~3 minutes, producing ~3 mRNAs per 

burst.   

3.4 Summary  

In this chapter, I described simple phenomenological models that can be used to extract kinetic 

parameters of transcription from single-cell mRNA copy-number statistics. I also described how we used 

cell length to separate cells with a different number of gene copies, and how we used the convolution 

principle to extract the single-gene mRNA copy number distribution from fits to cell populations 

containing multiple gene copies. Together, Chapters 2 and 3 describe the methods we use to measure 

the transcriptional activity of a promoter of interest. To study transcriptional regulation, we need to 

quantify not only transcriptional activity but also the concentration of the transcription factors that 

modulate the activity of the gene. In the next chapter, I will describe how we use immunofluorescence to 

measure the absolute number of proteins in individual cells, which is the missing element required to 

quantify transcriptional regulation in individual cells. 



 
 

23 
 

4 Quantifying transcription-factor copy number in 

individual E. coli cells using immunofluorescence 

In Chapter 2, I introduced single-molecule fluorescent in situ hybridization (smFISH), a method 

used to detect individual mRNA molecules of an endogenous gene and measure their copy number in 

individual E. coli cells. In Chapter 3, I described how the single-cell mRNA statistics, when combined 

with theoretical modeling, yield information about the underlying stochastic kinetics of transcription. 

Together, these two chapters described how we measure transcriptional activity. In this chapter, I will 

describe how we use immunofluorescence, a method to detect endogenous proteins, to measure their 

concentration in individual E. coli cells. All the results described in this chapter are my original work, 

unless otherwise stated.   

4.1 Introduction to immunofluorescence 

Immunofluorescence (IF) is a widespread 

technique used for the specific detection of proteins 

in situ (Beesley 1993). It can be applied to study a 

variety of biological systems, ranging from bacteria 

(Maddock and Shapiro 1993, Harry, Pogliano et al. 

1995, Addinall, Bi et al. 1996, Niki and Hiraga 1997, 

Buddelmeijer, Aarsman et al. 1998, Newman and 

Crooke 2000) to eukaryotes (Gregor, Tank et al. 

2007, Gregor, Wieschaus et al. 2007, Feinerman, 

Veiga et al. 2008, Cheong, Rhee et al. 2011). In IF 

(Figure 4.1), the protein of interest (also called an 

antigen) is recognized by the binding of specialized 

proteins called antibodies (Beesley 1993). In a 

common variant of the technique, two 

complimentary antibodies are used (called the 

primary and secondary antibodies). The primary 

antibody binds to the protein of interest, while the 

secondary antibody binds to the primary antibody. 

Each primary antibody can be bound by multiple 

secondary antibodies and each secondary antibody is 

labeled with multiple fluorophores.  

Figure 4.1: A schematic of immunofluorescence. The 

target protein is recognized by a primary antibody. 

The primary antibody is recognized by multiple, 

fluorescently labeled secondary antibodies.  
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4.2 Using immunofluorescence for protein quantification in E. coli 

IF has been used to quantify protein levels in various eukaryotic biological systems, including 

Drosophila embryos (Gregor, Tank et al. 2007, Gregor, Wieschaus et al. 2007) and mammalian cells 

(Feinerman, Veiga et al. 2008, Cheong, Rhee et al. 2011). However, in most of these studies, IF has been 

used to measured relative protein levels (Feinerman, Veiga et al. 2008, Cheong, Rhee et al. 2011). In the 

few cases where absolute quantification has been attempted, it has been with the aid of internal controls. 

For example, by comparing IF with the signal of a fluorescent protein fusion for which the relationship 

between fluorescence and protein concentration is known (Gregor, Tank et al. 2007, Gregor, Wieschaus et 

al. 2007).  

In addition to being used for the study of eukaryotic cells, different variants of IF exist for 

prokaryotes, specifically E. coli (Maddock and Shapiro 1993, Addinall, Bi et al. 1996, Niki and Hiraga 

1997, Buddelmeijer, Aarsman et al. 1998, Newman and Crooke 2000). However, in these works IF has 

been used as a reporter for the existence or localization of a protein of interest rather than a method to 

quantify expression levels. In order to develop a quantitative IF protocol (qIF) that could be used to 

measure absolute concentrations of proteins in individual E. coli cells, we started with existing IF 

protocols for bacteria and included modifications inspired in our smFISH protocol to label mRNA. This 

approach allowed us to leverage our experience in developing methods to quantify mRNA in individual E. 

coli cells, which was thoroughly tested in multiple strains and growth conditions (Zong, So et al. 2010, So, 

Ghosh et al. 2011).   

smFISH influenced our qIF protocol in two important aspects. The first is that all biochemical 

steps (fixation, permeabilization, incubations and washes) were performed in test tubes instead of on 

microscope slides. Typically, IF protocols for E. coli are performed once the specimen has been mounted 

on a microscope slide (Maddock and Shapiro 1993, Addinall, Bi et al. 1996, Niki and Hiraga 1997, 

Buddelmeijer, Aarsman et al. 1998, Newman and Crooke 2000). However, our experience with smFISH 

suggests that cells attached to slides may be subjected to non-uniform conditions that could result in 

inhomogeneous labeling (Kafri, Levy et al. 2013, Skinner, Sepulveda et al. 2013). Additionally, using the 

same experimental framework for both protocols would enable us to combine them into a single 

qIF/smFISH procedure, which we describe in Chapter 5.  

A second aspect in which qIF resembles smFISH is that we also estimate the number of molecules 

by quantifying localized fluorescence. As described in Chapter 2, this method requires the use of a 

control sample where the concentration of molecules is low enough to allow the identification of the 

typical fluorescence of a single-molecule (See Section 2.2 and Figure 2.2D). In addition to applying 

this approach to qIF, we also use an independent quantification method that does not rely on the use of a 

low expression sample. Instead, this approach uses the spatial fluctuation of fluorescence over the cell 

(see Appendix C3). This allows us to measure signals that may be hard to obtain in cases were many 
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proteins are present in the cell. In the sections below, I will describe the workflow of the method, which 

follows closely the smFISH method described in Chapter 2. A detailed protocol for qIF can be found in 

Appendix B2).  

Antibody selection 

Antibodies can be obtained purified from vendors or as a complete serum extracted directly from 

an animal that was immunized with the purified protein of interest. Commercial antibodies can be either 

polyclonal or monoclonal. A polyclonal antibody is a mixture of antibodies that can recognize multiple 

areas in the protein of interest (called epitopes) and therefore produce a higher amplification of signal. 

Conversely, monoclonal antibodies can recognize only one epitope, which produces a lower amplification 

of signal. We have found that both polyclonal and monoclonal antibodies perform well in qIF. In our 

experience, polyclonal antibodies tend to perform better, but in general, antibody quality needs to be 

assessed empirically on a case-by-case basis.  

A complete serum is the soluble fraction of the blood of an immunized animal. As such, it 

contains different antibodies recognizing the protein of interest (and is therefore polyclonal) as well as 

other antibodies from the immune system of the immunized animal. Some of these antibodies may bind 

non-specifically to proteins in the sample to be studied, producing background fluorescence. A way 

around this possible complication is to purify the antibody using affinity columns coated with the protein 

of interest. This approach, however, requires purification of the protein of interest as well as the 

optimization of the purification procedure. In order to simplify this procedure, we perform an affinity 

pull-down of the non-specific antibodies. The affinity pull-down involves incubating the serum with cells 

negative for the protein of interest. Non-specific antibody will bind to the negative cells, which can be 

separated from the supernatant containing the specific antibodies by centrifugation. A detailed protocol 

for the affinity pull-down procedure can be found in Appendix B3. 

Cell labelling and imaging  

As in the case of smFISH, each qIF experiment is performed using the strain of interest and a 

negative control sample (i.e., a strain lacking the target protein). The cells to be studied are first grown 

overnight. The next day, they are grown to mid-log phase and then fixed and permeabilized by ethanol. 

The cell wall is then partially digested with lysozyme to allow the entrance of antibodies to the cell 

cytoplasm. Cells are then treated with a solution of bovine serum albumin to block non-specific binding. 

The cells are then incubated with primary antibodies, washed, incubated with secondary antibodies, 

washed again, and finally resuspended in imaging buffer. These steps are all performed in solution in 

order to guarantee that all cells experience a uniform environment and to promote perfect mixing. To 

acquire data, cells are placed between a coverslip and a thin agar slab (Appendix B5) and imaged using 

both phase contrast and epifluorescence microscopy (Figure 4.2A). Images are acquired using a high-
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quantum-yield, cooled charge-coupled device (CCD) camera. Multiple positions on the coverslip are 

imaged, providing data for >1,000 cells from each biological sample. Imaging is performed at multiple 

focal planes (z positions) to allow high-resolution coverage of the cell depth (~1 μm). 

Image processing  

After acquisition, images are analyzed using custom MATLAB codes in order to measure the 

positions of individual cells and fluorescent foci. Cell recognition uses the stacks of phase contrast images 

Figure 4.2: Using qIF to obtain protein copy-number statistics.  (A) Image acquisition.  Phase contrast and 

fluorescence images are acquired for the negative (left) and positive samples (right, a lambda lysogen). 

Images are acquired at multiple positions on the slide and on multiple focal planes (z position) to allow precise 

fluorescence detection throughout the depth of the cell. (B) Identifying the fluorescence of a single protein 

molecule.  The spot intensity histograms of the negative (black) and positive sample (green) are compared 

and the typical fluorescence of one protein is obtained from the maximum of the spot intensity histogram of 

the positive sample (lysogen). (C) Measuring the intensity of a single protein molecule using the spatial 

fluctuation of fluorescence inside cells. An scatter plot of the average, 〈𝐼〉, and variance var(I) of the pixel 

intensities inside a cell shows a linear relationship. The slope of this line (green) can be used to extract the 

fluorescence of a single protein particle. (D) Using protein copy-number statistics to extract kinetic 

parameters. The protein copy-number histogram is fitted using a gamma distribution. The parameters of the fit 

describe both the frequency and size of bursts of protein production. Error bars are s.e.m. 
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to determine the location of the E. coli cells. Cells treated with lysozyme show irregular contrast, making 

them unsuitable for segmentation using an edge-detection algorithm such as the program Schnitzcells 

(Young, Locke et al. 2012) used for smFISH.  Instead, preliminary segmentation is obtained using a 

custom-made cell segmentation algorithm based on image thresholding, which is then refined with 

Schnitzcells. Fluorescent foci (spots) are identified from the stacks of fluorescence images, using the 

Spätzcells program (available at http://code.google.com/p/spatzcells/), that I developed in collaboration 

with other members of the Golding lab (Skinner, Sepulveda et al. 2013).  

Single-molecule quantification: spot recognition method 

The conversion of fluorescent foci intensity to protein numbers is achieved in a few steps (Figure 

4.2B). After the above image processing, the spot intensity corresponding to a single protein molecule is 

identified by examining the histogram of spot intensities of the positive sample (defined as the peak of the 

spot intensity histogram). This single-protein intensity value is then used to convert the total fluorescence 

in the cell to the estimated number of target proteins (Figure 4.2C).  

Single-molecule quantification: spatial fluctuation method  

The spot recognition method developed in this work performs best in samples where the 

concentration of the protein of interest is low (up to ~10 molecules per cell, ~10 nM). At higher protein 

concentrations, the fluorescent foci generated by the labeled proteins start to overlap, which decreases the 

accuracy of localization via Spätzcells. For such cases, we developed an independent method to quantify 

protein concentration. This method is inspired by the scheme developed by Elowitz and co-workers, who 

used the binomial partitioning statistics of fluorescent proteins after cell division to estimate the signal 

from a single fluorescence protein in vivo (Rosenfeld, Young et al. 2005, Rosenfeld, Perkins et al. 2006, 

Rosenfeld, Young et al. 2007). Our method differs from theirs in that we use fixed cells, where proteins 

are immobilized, and instead of using the partition statistics we use the spatial fluctuation of fluorescence 

between the pixels in a cell. It is possible to derive the relationship between the spatial fluctuations of 

fluorescence (the variance of the pixel fluorescent intensities,    ( )) and the average fluorescence inside 

the cell (the mean fluorescence of the pixels, 〈 〉): 

   ( )   
     

      

〈 〉 

where        corresponds to the fluorescence of one single protein, while    and   are the   and   

widths of a Gaussian function describing the shape of the spot image, or point spread function (for a 

derivation of the formula, made by Heng Xu in the Golding lab, see Appendix C3). To test this 

methodology, we grew lambda lysogens and performed our qIF protocol using an anti-CI primary 

antibody. A plot of     ( ) vs 〈 〉 of our data shows a linear relationship, validating this approach (Figure 
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4.2C, green line). The fact that the line does not pass through the origin can be explained by the presence 

of background fluorescence. The slope of our fit can be used to convert the total fluorescence in each cell 

to the total number of proteins (Appendix C3).  

Extracting protein kinetics from protein copy-number statistics 

The protein copy-number histogram obtained from the two quantification methods above is fitted 

to a simple phenomenological model of gene expression to obtain the parameters describing the protein 

production process. In this model, transcription and translation are described by simple Poisson 

processes (Cai, Friedman et al. 2006) (see Section 3.1). The resulting protein statistics are described by 

the Gamma distribution: 

 (     )   
 

   ( )
          

where  (     ) is the probability of observing   proteins per cell,   is the gamma function,    is 

the mean number of protein bursts per cell cycle, and   is the mean number of protein molecules 

produced per burst.   and   are related to the underlying kinetics by the relations         2 and    

  2   , where    is the rate of mRNA production,     is the rate of mRNA degradation,  2 is the rate of 

protein production, and  2  is the rate of protein degradation. 

When we applied this approach to the lambda lysogen (Figure 

4.2D), we found that protein bursts are produced every 4.5 ±0.4 

minutes, with a mean of 53±10 proteins produced in every burst.  

4.3  Validation of the method 

Antibody labeling accurately reflects the number 

of proteins in individual E. coli cells 

To determine the reliability with which qIF reports the 

concentration of CI proteins in E. coli, we grew E. coli cells 

expressing a CI-YFP fusion protein from a plasmid (Gift from 

Michael Elowitz, (Rosenfeld, Young et al. 2005, Rosenfeld, Young 

et al. 2007)) and performed our qIF protocol using anti-CI 

antibodies. The cells were grown at multiple induction levels and mixed prior to the fixation step to cover 

an ample range of CI concentrations. As can be seen in the scatter plot in Figure 4.3, the relative 

fluorescence level of the CI-YFP fusion protein is proportional to the relative fluorescence from the 

Figure 4.3: Measuring the accuracy of 

antibody labeling. We labeled cells 

expressing a CI-YFP fusion protein with 

anti-CI antibodies. The qIF signal is 

proportional to the amount of CI 

protein, reported by the level of YFP 

fluorescence.  
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antibodies, suggesting that our method is able to accurately quantify protein numbers in individual E. coli 

cells.   

Measuring transcription-factor copy number in the 

lambda lysogen  

As an additional test for our qIF protocol, we measured 

the mean number of proteins using our two quantification 

methods and compared them to each other. As can be seen in 

Figure 4.4, the two methods give very close estimates of the total 

number of CI repressors in a lambda lysogen (248±39 for the spot 

recognition method, and 265±23 for the spatial fluctuation 

method).  We also compared our estimates to the reported average 

number of repressors in a lysogen reported in the literature, which 

ranges from ~150 to ~390 proteins per cell (Reichardt and Kaiser 

1971, Levine, Bailone et al. 1979, Johnson, Poteete et al. 1981, 

Hendrix 1983). The average of these measurements corresponds 

closely to our measured estimates.  

4.4 Limitations of qIF 

As described above, the purpose of the protocol is to obtain a precise estimate of the number of 

protein molecules from a gene of interest in individual cells. As our protocol is based on smFISH, it shares 

many of its limitations (See Section 2.4), but also has its own drawbacks as well. First, regarding spot 

quantification, the calibration of fluorescence intensity to the number of protein molecules requires the 

use of a completely negative control sample, as well as a low-expression control sample, in which most 

proteins are discernible as individual spots. As proteins are generally more numerous than mRNAs 

(Alberts 2008), it may be harder to find experimental conditions where the number of protein copies per 

cell is low enough to obtain reliable estimates of the single-protein fluorescence. In these cases, however, 

it is possible to use the fraction of the cell population that has the lowest expression levels (Figure 4.2A, 

C).  For cases where single spots are not visible, we have developed our alternative method based on 

spatial fluctuations. However, this method assumes that proteins are located randomly in space, which 

suggests that it may not be accurate in cases where the proteins show a non-uniform distribution inside 

the cell.  

As in the case of smFISH, the accuracy of our methods is estimated using internal controls, done 

by assessing the error in identifying the single protein peak in the spot intensity histogram.  As discussed 

above, the lack of low-expression samples may decrease the accuracy of our measurements.  Additional 

Figure 4.4: Measuring transcription 

factor copy-number in the lambda 

lysogen. We estimated the number of 

lambda repressors in a lambda 

lysogen. Our two quantification 

methods agree very closely, as well as 

with independent measurements from 

the literature.  



 
 

30 
 

external controls, such as quantitative immunobloting (Garcia and Phillips 2011) are potentially very 

useful. However, these require additional calibration steps that may be harder to render quantitative, 

decreasing their utility as standards against which to compare our measurements.   

Another limitation of qIF is that its use depends on the availability of high-quality antibodies, 

which may be hard to find or to produce for some proteins. Animals produce a vast repertoire of 

antibodies (Alberts 2008). An animal will produce antibodies against a foreign molecule whenever an 

antibody in the preexisting pool is capable of recognize (bind) the antigen. As both the production of 

antibodies and the matching process depend on random events, it is not possible to predict the affinity of 

the antibody-antigen interaction. Low affinities will translate into low labelling efficiencies, which will 

lower the accuracy of the quantification. Furthermore, an antibody displaying a high affinity could still 

present low specificity, making it unsuitable for absolute quantification. Even though it is often possible to 

outsource the production of antibodies to specialized companies, this process may take months and is not 

guaranteed to produce antibodies suitable for quantification studies.   

4.5 Summary  

In this chapter, I described how we use immunofluorescence to measure the concentration of a 

protein of interest and to obtain protein copy-number statistics in individual E. coli cells. The protocol 

was outlined and then was used to quantify the number of lambda repressors present in lambda lysogen. 

Additionally, we presented experiments that validate the accuracy of the method, and discussed its 

limitations. In the next chapter, we’ll show how we combine the method described in this chapter with 

smFISH to quantify protein and mRNA numbers simultaneously in individual E. coli cells. 
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5 Measuring the PRM gene regulatory function at the 

single-cell, single-molecule level 

In Chapters 2 and 3 I described how we use single-molecule fluorescence in situ hybridization 

(smFISH) to detect individual mRNA molecules and to measure their copy number in individual E. coli 

cells. The copy-number statistics can then be used to obtain parameters describing the underlying 

stochastic kinetics of transcription. In Chapter 4, I described how we use quantitative 

immunofluorescence (qIF) to detect individual protein molecules and to measure their copy number. In 

this chapter, I will show how we combine these two techniques to simultaneously measure mRNAs and 

proteins in individual E. coli cells, and use the combined technique, qIF/smFISH, to quantify the gene 

regulatory function of the PRM promoter. All the results described in this chapter are my original work, 

unless otherwise stated. 

5.1 Studying the PRM promoter at the single-cell level 

The PRM promoter is composed of multiple sequence elements 

As described in Chapter 1, the core regulatory network that governs the life cycle of phage 

lambda is composed of two transcription factors, CI and Cro, produced from the PRM and PR promoters, 

respectively (Hendrix 1983, Ptashne 2004, Oppenheim, Kobiler et al. 2005, Golding 2011). These two 

genes are adjacent in the lambda genome, and are transcribed in opposite directions (Figure 5.1). 

Between the coding sequences of the two genes lies the OR operator (Ptashne 2004). This operator 

contains three transcription-factor binding sites named OR3, OR2 and OR1, which partially overlap with 

Figure 5.1: Schematic of the sequence elements involved in the transcriptional regulation of cI and cro. The 

sequences that control the regulation of cI and cro are the OR and OL operators, located 2.3kb apart. Each 

of the operators is composed of three binding sites. The PRM and PR promoters, which respectively control the 

expression of the cI and cro genes, overlap with the OR operator. 
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the PRM and PR promoters. This complex arrangement of regulatory elements allows this system to display 

multiple regulatory capabilities, as described below.  

CI and Cro regulate the activity of the PRM and PR promoters by binding to the OR region (Ptashne 

2004). Virtually all CI molecules in the cell exist as homodimers (Ptashne 2004). CI dimers have different 

affinities for the three binding sites, having the highest affinity for OR1 and the lowest for OR3 (Ptashne 

2004). At low CI concentrations, CI dimers bind to OR1. As OR1 overlaps the PR promoter, this impedes 

transcription of Cro. The binding of CI dimers to OR1 cooperatively helps other CI dimers to bind to OR2, 

which activates the PRM promoter. When the concentration of CI is high, the OR3 is bound by CI dimers, 

preventing transcription of the cI gene from the PRM promoter (Ptashne 2004).  

As with CI, Cro forms dimers in solution (Ptashne 2004). Cro’s affinity for the OR site is the 

opposite of the one shown by CI: at low Cro concentrations, Cro dimers bind to OR3, shutting down 

transcription from the PRM promoter. As the concentration of Cro increases, Cro bind to OR2. When the 

concentration of Cro is high, Cro binds to OR1, inhibiting its own transcription (Ptashne 2004).  

An additional operator important in PRM regulation, OL, is located 2.3 kb downstream of the PRM 

promoter (Dodd, Shearwin et al. 2004, Ptashne 2004). OL is similar to OR: it contains three sites (OL1, OL2 

and OL3); where OL1 has the highest affinity for CI and OL3 has the lowest. In addition, CI dimers bind 

cooperatively to OL2, helped by CI dimers bound to OL1. When the OL1/OL2 and OR1/OR2 sites are 

occupied, the DNA can form a loop generating a CI octamer that activates CI transcription from PRM 

(Dodd, Perkins et al. 2001, Dodd, Shearwin et al. 2004, Ptashne 2004). After a CI dimer binds to OL3, it 

can cooperatively help another CI dimer occupy the OR3 site, forming a tetramer that completely shuts 

down transcription from the PRM promoter.  

A reporter system to study the PRM gene regulatory function  

A precise characterization of the PRM gene regulatory function requires measuring the 

transcriptional response of the PRM promoter for a wide range of cellular CI concentrations. However, as 

described above, CI regulates its own production by binding to the OR and OL elements, setting strong 

constraints on the cellular concentrations achievable by the native promoter (See Chapter 4, Figure 

Figure 5.2: Schematic of the reporter system used to study the PRM gene regulatory function. The reporter 

contains the complete sequences of the OR and OL operators, as well as the PRM promoter, which drives 

the expression of lacZ. The CI protein is produced from a low copy plasmid (pZC320), and is under the 

control of the lac promoter.  
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4.2D). Additionally, in the native system, the presence of Cro and the rest of the phage genome would 

trigger the onset of the lytic pathway if the CI cellular concentration is low enough to lift the repression 

over the PR promoter. To avoid these problems, we use a reporter system (Gift from Keith Shearwin and 

Ian Dodd, (Dodd, Perkins et al. 2001, Dodd, Shearwin et al. 2004, Schubert, Dodd et al. 2007)) where the 

PRM promoter drives the expression of a reporter gene, lacZ, and where the CI protein is produced from a 

plasmid (Figure 5.2). The reporter contains the complete sequences of the OR and OL operators, and is 

located in the same locus where the lambda genome is inserted in the E. coli chromosome. The specific 

growing conditions used for our reporter can be found in the Appendix A1. 

Combining smFISH and qIF 

In Chapters 2 and 3 I discussed the 

development of smFISH. One of the main features 

of our protocol, which distinguishes it from similar 

protocols in the literature (Maamar, Raj et al. 

2007, Taniguchi, Choi et al. 2010, Trcek, Chao et 

al. 2012) is that all the biochemical steps are 

performed in test tubes instead of microscope 

slides. qIF was also developed for use in test tubes, 

so that the protocols were compatible. In our 

qIF/smFISH protocol, smFISH is performed first, 

with small modifications in the composition of 

hybridization, washing solutions, as well as 

washing times to avoid affecting proteins in the 

sample.  We then permeabilize the cells with 

lysozyme and continue the standard qIF protocol. 

We used qIF/smFISH to measure the mean 

number of cI mRNAs and CI proteins in a lysogen, 

finding good agreement with the measured 

statistics using smFISH alone (8.0±2.0 cI 

molecules per cell using smFISH, 7.5±1.0  using 

qIF/smFISH) and qIF (257±31 CI molecules per 

cell using qIF, 215±16 using qIF/smFISH). A 

detailed protocol for qIF/smFISH can be found in 

Appendix B4.  

Figure 5.3: Using qIF/smFISH to measure the PRM gene 

regulatory function in single cells. (A) Overlay of 

phase contrast and fluorescence images. The 

reporter strain is labeled for lacZ mRNA (red) and CI 

protein (green). (B) The PRM gene regulatory function 

at the single-cell level. Individual cell data is shown 

as gray circles, the mean behavior is shown as black 

circles. Error bars are s.e.m. The diagrams are the 

most probable PRM states for different CI expression 

levels. Green circles correspond to CI monomers.  
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Measuring the gene regulatory function in single cells 

To measure the gene regulatory function for single cells, we used our qIF/smFISH protocol to 

measure lacZ mRNA and CI protein in the PRM reporter system described above. As shown in Figure 

5.3A, labeled cells display variable protein and mRNA levels, indicative of a thorough sampling of the 

gene regulatory function. We analyzed the images using custom MATLAB algorithms, as mentioned in 

Chapters 2 and 4, to obtain both the number of lacZ mRNA in each cell as well as the cellular 

concentration of CI.  The scatter plot of Figure 5.3B (gray dots) show that our samples display a wide 

range of lacZ mRNA copies per cell at all CI concentrations. Averaging the cellular mRNA expression level 

over small windows of CI concentration reveals the shape of the PRM gene regulatory function (Figure 

5.3B, black error bars), which is consistent with previous measurements of the PRM gene regulatory 

function made on cell populations (Dodd, Perkins et al. 2001, Dodd, Shearwin et al. 2004, Schubert, Dodd 

et al. 2007, Anderson and Yang 2008, Cui, Murchland et al. 2013) or in vitro (Lewis, Le et al. 2011). The 

shape of the PRM gene regulatory function can be explained based on the known structure of the OR/OL 

region. At low CI concentrations, the OR/OL operators are either empty or only the OR1/OL1 sites are 

occupied, and the PRM promoter shows a basal activity (Figure 5.3B, left). As the intracellular CI 

concentration increases, the OR2/OL2 sites begin to be occupied, which activates the PRM promoter 

(Figure 5.3B, center). At higher CI concentrations, the OR3/OL3 sites are also occupied, repressing PRM 

and returning its activity to a level close to the one observed at low CI concentrations (Figure 5.3B, 

right). To the best of our knowledge, this is the first time that a gene regulatory function has been 

measured at the level of endogenous (non-genetically modified) transcription factors, while 

simultaneously quantifying the activity of the gene by counting mRNA at the single-molecule level.   

5.2 Modeling the PRM gene regulatory function 

Thermodynamic modeling of the PRM promoter 

To gain further insight into the nature of the gene regulatory function, we used a simple 

thermodynamic model that relates the known occupancy states of the OR and OL operators to the average 

expression level of the PRM promoter. The model is based on the model used by Shea and Ackers to 

describe the OR region of the lambda genome (Ackers, Johnson et al. 1982), which was then expanded by 

Dodd et al. to incorporate the effect of OL looping on the activity of PRM (Dodd, Shearwin et al. 2004). The 

model uses a grand canonical ensemble to relate the concentration of CI dimers on the cell to the 

probability    of observing an occupancy state  : 

  ([  2]         )  
      ⁄ [  2]

  

∑       ⁄ 
   [  2]
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where [  2] is the intracellular concentration of CI dimers,   is the number of CI dimers bound to 

the OR/OL operators,   is the gas constant,   the temperature,   is the total number of states of the 

promoter and     is the total free energy of the state  .     is the sum of all the free energies of binding of 

CI dimers in the configuration, as well as other energetic terms describing the cooperative interaction 

between dimers (such as octamerization and tetramerization). The mean activity level  ([  2]) of the PRM 

promoter at each dimer concentration is given by 

 ([  2])    ∑  ([  2])

   

   ∑  ([  2])

   

  ∑  ([  2])

   

   ∑  ([  2])

   

 

where  ,  ,   and   are fitting constants 

describing the mean activity of the basal, activated 

unlooped, activated looped and repressed states, 

respectively. The relationship between the total CI 

monomer concentration [  ] and the concentration 

of dimers is given by 

[  ]   [  2]  √
[  2]

    

     [  2][  ] 

where      is the dimerization constant for 

the repressor,     is the constant of non-specific 

binding of CI dimers to the E. coli chromosome, and 

[  ]  is the concentration of non-specific binding 

sites on the cell. We fitted the mean expression level 

obtained with qIF/smFISH using the parameters obtained from the literature (Dodd, Shearwin et al. 

2004) (with the use of a scaling factor to account for our measurement in absolute numbers) (Figure 

5.4) and we obtained good agreement with previous measurements, which were made at the population 

level (Dodd, Shearwin et al. 2004).  

Ongoing work: stochastic modeling of the gene regulatory function  

Given the good agreement between our single-molecule measurements and the existing work 

carried out in bulk, as analyzed by the thermodynamic model, we aim to use this model to describe the 

PRM gene regulatory function obtained at the single-cell level. We used the model as a starting point to 

carry out a modeling of the single-cell PRM gene regulatory function, and expanded it by taking into 

account the effects of stochasticity. One of the assumptions of the thermodynamic model is that the mean 

behavior of the system represents the sum of multiple occupancy states that have different intrinsic 

Figure 5.4: Thermodynamic modeling of the single-

cell PRM gene regulatory function. The averaged PRM 

gene regulatory function (black) is well described by 

a thermodynamic model that considers the possible 

occupancy states of the OR/OL operators (red 

line).  Error bars are s.e.m. 
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expression levels. At the single-cell level, this means that the observed mRNA copy-number statistics at 

any CI concentration are the result of a mixture of underlying transcriptional states.  

Based on the thermodynamic model of the PRM promoter, there should be more than 70 different 

states in the system, each of them potentially showing different transcriptional activity. If that is the case, 

our current measurement would not be able to differentiate between all these transcriptional states. As a 

first approximation, we modeled the mRNA statistics as the mixture of two independent distributions: 

 ( )    (       )  (   ) (   2  2) 

where   is the probability of the system to be in the basal or repressed state, (   ) is the 

probability for the system to be in the activated state (either looped or unlooped), and  (       ) is a 

negative binomial distribution, that describes the mRNA copy-number histogram of a two-state model 

(see Section 3.1). As a first 

approximation, this simple model fits the 

mRNA copy-number histograms of the 

PRM gene regulatory function at different 

CI concentrations (Figure 5.5, top and 

middle). In addition, the probability of 

the promoter to be active (   ) follows 

closely the shape of the gene regulatory 

function (Figure 5.5, bottom). This 

curve, however, is not consistent with the 

thermodynamic model, which predicts 

that the probability of observing the 

activated state does not exceed ~50% at 

any CI concentration. Currently we are 

developing a new model that involves the 

use of an N-state model of gene 

expression (See Section 3.1), where it is 

possible to make a more accurate 

description of the inter-state dynamics.  

5.3 Summary 

In this chapter, I explained how 

we combined smFISH and qIF to measure 

the gene regulatory function of the PRM 

Figure 5.5: Stochastic modeling of the gene regulatory function. 

(A) The single-cell PRM gene regulatory function (B) We fitted the 

mRNA copy-number statistics (grey bars) at different protein 

concentrations to a simple mixture model of two negative 

binomial distributions (red lines) (C) The probability of the PRM 

promoter being active predicted by the simple mixture model is 

not consistent with the prediction from the thermodynamic 

model, where the probability of the PRM promoter to be active 

does not exceed 50% at any CI concentration. 
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promoter at the single-cell, and single-molecule level. I described the molecular elements composing the 

PRM regulatory region, and presented the reporter system used to measure the PRM gene regulatory 

function at multiple CI concentrations. I then showed that the PRM gene regulatory function obtained at 

the single-cell level is well described by a thermodynamic model, and outlined the modeling strategy that 

we are currently pursuing in order to extend this modeling to incorporate the stochasticity inherent in 

transcription. In the next chapter, I will show preliminary results of our research attempting to increase 

the resolution of our measurements from the single-cell to the single-gene level.  
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6 Future directions 

In the previous chapter, I showed how we used our novel combination of quantitative 

immunofluorescence (qIF) with single-molecule fluorescence in situ hybridization (smFISH) method to 

study the PRM gene regulatory function. As our measurements did not provide direct information about 

the number and location of the gene copies inside individual cells, we inferred the transcriptional activity 

of a single promoter from the single-cell data by considering the effect of multiple gene copies in the 

mRNA statistics, as described in Chapter 3. In this chapter, I will present preliminary experiments 

intended to increase the resolution of our studies from the single-cell level to the single-gene level. I will 

show how smFISH can be used to identify the physical position in the cell of a highly expressed gene. This 

principle will then be used to construct a reporter system to study PRM regulation at the single-gene level 

using qIF/smFISH.  All the results described in this chapter are my original work, unless otherwise stated. 

6.1 Methods for detecting a gene locus in bacteria 

Given the structural similarity between DNA and RNA, the same principles used to detect mRNA 

in situ and in vivo can be used to detect a gene of interest in individual bacterial cells. For example, DNA 

can be detected in situ using DNA fluorescence in situ hybridization (DNA FISH) (Niki and Hiraga 1997, 

Jensen and Shapiro 1999, Yang and Losick 2001, Bates and Kleckner 2005). In this technique, 

oligonucleotide probes (~200 nucleotides in length) are produced using nick translation or PCR 

amplification and then covalently modified with fluorescent dyes. The cells are chemically fixed and 

permeabilized with ethanol, and then incubated at high temperature (~90 °C) to denature genomic DNA 

and allow the binding of probes during the subsequent hybridization step. The similarity between the qIF, 

smFISH and DNA FISH protocols suggests that they could be combined into a single protocol. However, a 

major obstacle in combining these techniques is that the strong chemical and physical conditions required 

to denature DNA, as required by DNA FISH, also degrade mRNA and proteins (Chaumeil, Augui et al. 

2008). 

Several methods exist to detect a bacterial gene locus in live cells (Li, Sergueev et al. 2002, Lau, 

Filipe et al. 2003, Nielsen, Ottesen et al. 2006, Joshi, Bourniquel et al. 2011, Hensel, Weng et al. 2013). In 

one popular technique, named fluorescent repressor-operator system (FROS) (Lau, Filipe et al. 2003), an 

array of tet or lac operators (tetO/lacO) are inserted into the desired locus in the chromosome. The spatial 

position of that locus is detected through the binding of the corresponding transcription factor 

(TetR/LacI), fused to a fluorescent protein (Lau, Filipe et al. 2003).  However, FROS arrays have possible 

drawbacks, for example, interfering with chromosome replication (Possoz, Filipe et al. 2006).  
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It is therefore of interest to develop a strategy to detect a gene locus that uses methods that do not 

affect cellular physiology or require the use of strong labeling conditions. Such method, with the help of 

advanced image and data analysis algorithms, would allow the quantitative measurement of 

transcriptional regulation in E. coli at the single-gene level.  

6.2 Using smFISH to identify transcription sites in bacteria 

smFISH labeling of E. coli cells with a highly induced lac promoter shows strong 

foci with multiple mRNAs 

In our previous work (So, 

Ghosh et al. 2011), we quantified the 

copy-number statistics of a series of 

endogenous mRNA using smFISH 

(Chapter 2). We quantified mRNA 

statistics from 20 promoters: Plac, 

PgalETKM, PmarII, rrnBP1, PbioBFCD, 

bacteriophage λ promoter PR and 13 

variants of the bacteriophage λ 

promoter PRM, using different growth 

and induction conditions to obtain the 

full range of mRNA levels accessible 

to each promoter. From this whole 

set, Plac showed the widest expression 

range, covering approximately 3 

orders of magnitude in mRNA levels 

(~0.1 – 60 molecules per cell).   

As described in Chapter 2, we recognize and quantify fluorescent spots using the Spätzcells 

algorithm. We discard false-positive spots, which are result of non-specific binding of probes, by 

examining the peak height histogram of the spots in a negative sample (Figure 2.2C). For low expression 

samples, a single population of spots remained after discarding false positive spots. However, for high 

expression samples, two distinct populations of positive spots were evident, both in the peak height 

histogram (Figure 6.1, left) as well as in the cell images (Figure 6.1, right). The low-intensity foci 

population has a maximum at a similar peak height as the one observed in low-expression samples, 

suggesting that they correspond to single mRNAs. In contrast, the higher-intensity population, having a 

peak height 5-10 times larger than the low-intensity population, is likely created by the overlap of multiple 

Figure 6.1: Highly induced lac promoter shows strong foci with 

multiple mRNAs. To reach full induction of the Plac promoter, E. coli 

cells (strain TK310) were grown in M9CAgluc medium in the 

presence of 1mM IPTG and 10 mM cAMP, and then the lacZ 

transcript was labeled using smFISH. The peak height histogram of 

mRNA foci (left) shows two clear mRNA populations, which are 

clearly discernable by visual inspection of fluorescent images 

(right). Comparisons with cells grown at low expression levels 

suggest that the low peak height population corresponds to 

cytoplasmic mRNA, while the high peak high population could be 

transcription sites. 
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mRNAs. We hypothesized that such population corresponds to sites of active transcription, where 

multiple mRNA are colocalized.  

Strong foci as proxy for gene locus  

To test our hypothesis that the brighter smFISH loci correspond to active transcription sites, we 

checked if the candidate transcription sites exhibited the same behavior as gene loci.  In a bacterial cell, 

the number of copies of a gene will depend on the growth rate, the position of the gene in the 

chromosome, and the cell age (see Chapter 3 (Neidhardt 1987, Michelsen, Teixeira de Mattos et al. 

2003, Nielsen, Ottesen et al. 2006, Wang, Robert et al. 2010)). Under our experimental conditions, 

newborn cells contain a single chromosome. As the cell grows, the chromosome replicates, leaving the 

cells with two copies of its genome prior to cell division. If strong spots correspond to sites of 

transcription, we expect that newborn cells contain one strong spot while cells about to divide contain 

two. To test this possibility, we measured the mean number of strong spots as a function of cell length, 

which is a proxy for cell age. As expected for a gene locus, short (newborn) cells contained one strong 

spot, while long (dividing) cells contained two, suggesting that the strong spots were indeed sites of active 

transcription (Figure 6.2).  

Our ability to easily discern the location of an active lac gene raises the possibility of using a 

highly active Plac promoter as a reporter for the position of a gene of interest. After moving a gene next to 

the lac locus, we could perform dual smFISH of both lacZ and the transcript of interest. This would allow 

Figure 6.2: Strong lacZ foci serve as proxy for the gene locus. Short 

cells (harboring one lac operon, light blue) show one strong lacZ 

spot per cell, while long cells (harboring two lac operons) show two 

strong lacZ spots per cell.  Error bars are s.e.m. 
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us to locate the gene of interest in space and measure the number of mRNAs at the site of transcription 

simultaneously, even in the case that a gene is inactive.  

6.3 A reporter for detecting the cI gene locus 

To construct a reporter for the PRM promoter using the lac locus to label the site of transcription, 

we inserted the core gene regulatory region of phage lambda (Figure 5.1)  into the E. coli chromosome 

next to the lac locus, using recombineering and P1 transduction (Figure 6.3, top) (Thomason, Court et 

al. 2007, Thomason, Costantino et al. 2007). We then performed qIF/smFISH in cells harboring the 

construct (Figure 6.3, bottom). As expected, most cells showed strong lacZ foci (Figure 6.3, bottom, 

white boxes), but only a fraction of these foci also showed active transcription from the PRM promoter 

(Figure 6.3, bottom, yellow boxes).  

Measuring the probability that the cI gene is “ON”  

A cI transcription site, marked by a strong lacZ mRNA spot, was considered active whenever a cI 

fluorescent spot was within a radius of 200 nm from its center. We obtained this threshold from noticing 

that the most probable distance between a lacZ transcription site and its closest cI spot was ~150 nm (not 

shown). By using this criterion, we could count both the number of active and inactive PRM promoters, and 

directly measure the probability that the cI locus was transcribed. This estimation can be done by 

measuring the distribution of active transcription sites in short and long cells (having one and two copies 

of the gene, respectively). We found that a simple model, that assumes that different gene copies are 

Figure 6.3: A reporter for detecting the cI gene locus. Top: schematic of the genetic construct. The lambda 

immunity region was inserted next to the lac locus. The cI transcript was detected using probes labeled with 6-

TAMRA(red), and the lacZ transcript were recognized with probes labeled with Alexa647 (purple). Bottom. Overlay 

of phase contrast images with each of the fluorescent channels in the qIF/smFISH experiment. CI protein was 

recognized with a polyclonal antibody that was then recognized with a secondary antibody labeled with Alexa 

488. Some cI sites recognized by lacZ are transcriptionally inactive (white dashed box) while others are active 

(yellow dashed box). 
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independent of each other, was enough to account for the observed distributions of active genes (Figure 

6.4). By fitting this simple model, we found that the PRM promoter was quiescent most of the time, with 

PON = 0.1±0.02. 

6.4 Detecting CI binding at the PRM promoter 

The reporter described in the previous section allows the simultaneous detection of the position of 

the cI locus, the number of cI mRNAs in the site of transcription, and the concentration of CI proteins 

inside the cell. By making these simultaneous measurements, we can relate the activity of an individual cI 

gene to the concentration of its regulator, CI. The activity of a gene, however, is not directly linked to the 

concentration of CI inside the cell, but to the number of CI directly bound to the promoter. Knowing the 

location of the transcription site, in principle, could be used to measure how many transcription factors 

are bound at the promoter.  

Inside a cell, transcription factors are found in random locations throughout the cytoplasm, and 

also non-specifically bound to genomic DNA (Bakk and Metzler 2004) (Figure 6.5, left). The site of 

transcription, on the other hand, will have an excess of CI molecules over another place in the cell due to 

binding of CI at the PRM promoter. This excess number, however, is small relative to fluctuations expected 

with Poisson statistics (Figure 6.5, right). This, in conjunction with the stochasticity in the labeling 

process, makes any measurement of such binding excess inherently noisy. However, by performing this 

measurement over thousands of cells, it is possible to decrease its uncertainty. As an initial test of this 

principle, we measured the mean enrichment in CI signal at the vicinity of the cI locus and compared this 

result with the enrichment for random positions in the cell. We found that our enrichment measurement 

could unequivocally differentiate between a random position in the cell and the site of transcription 

Figure 6.4: Measuring PON. We estimated the probability of the CI 

to be ON by measuring the number of active transcription sites 

for short and long cells. A model that considered that 

transcription sites inside the cell are independent described the 

data well. The measured PON was 0.1± 0.02. Error bars are s.e.m   
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(Figure 6.6). The observed difference in enrichment signal is of about two orders of magnitude (Figure 

6.6). Perfect labeling of the CI molecules bound to the promoter could explain a difference in signal of up 

to 12-fold (in the case that each transcription factor is labeled, and the concentration of unbound 

molecules is zero) suggesting that there are more molecules at the vicinity of the transcription site than 

what could be expected from transcription factor binding alone. Possible sources for this excess can be co-

transcriptional translation of cI mRNAs or an increased local concentration of transcription factors close 

to the site of transcription (Kuhlman and Cox 2012, Kuhlman and Cox 2013). Regardless of the source of 

this enrichment, our measurements suggest that measuring the number of bound CI transcription factors 

at the cI locus is feasible. 

6.5 Limitations of the method 

The method presented in this chapter offers a 

novel way to study transcription at the level of an 

individual gene locus using qIF/smFISH. However, it 

suffers from a series of drawbacks. First, this method 

requires the use of an E. coli strain that allows the 

high induction of the lac promoter. For that purpose, 

we used the strain TK310, where Plac can be controlled 

by the addition of IPTG and cAMP to the cell culture 

Figure 6.5: Detecting CI binding at the PRM promoter.  Using qIF/smFISH, we labeled CI protein (green) and cI mRNA 

(red), as well as lacZ mRNA produced from the nearby Plac (purple). A random place in the cell (left) differs from the 

vicinity of the gene (right) by a few CI transcription factors bound to the PRM promoter. We measure CI binding as 

the enrichment in green fluorescence in the vicinity of the transcription site compared to the green fluorescence in 

a random position in the cell. 

Figure 6.6: Using local enrichment to measure 

transcription factor binding at the PRM promoter. We 

compared the mean enrichment in the vicinity of 

the transcription sites with the mean enrichment in 

random position in the cell, finding a noticeable 

difference. Error bars (s.e.m) are too small to be 

seen.  
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(Kuhlman, Zhang et al. 2007). In a wild-type E. coli cell, intracellular concentrations of cAMP are tightly 

controlled (You, Okano et al. 2013). TK310 has mutations in crucial cAMP regulators, allowing exogenous 

control of cAMP levels. However, this affects the physiology of the cell. Second, transcription of a gene 

could affect transcription of nearby genes. It is possible that the high transcription of lacZ affects 

expression from the PRM promoter in our reporter. Finally, even though we could localize the gene locus 

and measure transcriptional activity in situ, the fact of finding an mRNA close to the site of transcription 

does not mean that the mRNA was being transcribed. The mRNA may remain at the site of transcription 

beyond its completion. One way to discern between those scenarios is to study transcription in live cells 

(Golding, Paulsson et al. 2005, Larson, Zenklusen et al. 2011).  

Despite these drawbacks, our reporter allowed us to study the transcription of a gene at the 

single-locus level in E. coli. The combination of the different techniques described in this chapter would 

allow us to explore the next frontier of knowledge in transcriptional regulation. 
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Appendix A. Strains, growth media, and growth 

conditions 

A1. Growth media and conditions 

All strains were grown at 37 °C with shaking. Unless otherwise stated, 250 ml baffled flasks were 

used. The volume of culture was 1/8 to 1/10 of the volume of the flask, to allow proper aeration of the 

culture.    

The PRM reporter in NK7049 derivatives was grown in either LB (1L of medium contains 10g  

triptone (BD Biosciences, #211705), 5g yeast extract (BD Biosciences #212750), 5g NaCl (Fisher Scientific, 

#BP358) and 1 ml 1M NaOH (Fischer Scientific, #BP359)), M9CAgly (600 ml of medium contains 584 ml 

M9 (Teknova, #M8005), 4 ml glycerol 60% (diluted from 100% glycerol, Fisher Scientific, #BP229) and 

12 ml 5% Casamino acids (diluted from BD Biosciences, #BD223050) or M9gly (600 ml of medium 

contains 596 ml M9 and 4 ml Glycerol 60%). NK7049 derivatives were grown with 30 µl/ml Ampicillin 

and 50 µl/ml Kanamycin.  To generate a PRM expression curve, cultures were grown in parallel in the 

presence of β-D-1-thiogalactopyranoside (IPTG, Sigma, #I6758) at different concentrations (0, 0.05, 0.25 

and 1 mM) and the cultures pooled prior the fixation step of smFISH, qIF or qIF/smFISH. Alternatively, a 

culture was grown in the presence of 1 mM IPTG, and diluted by ½ every time that the culture reached 

OD600 = 0.2. With every dilution, a fraction of the culture (first 1/25, then 1/24 up to 1/2) was centrifuged 

and resuspended into medium without inducer and grown in parallel. After 6 cell generations, we ended 

up with 6 cultures that have been in a non-induced state for different amounts of time, so that the original 

CI concentration has decreased accordingly. These cultures were pooled prior the fixation step of smFISH, 

qIF or qIF/smFISH. 

MG1655 and DH5aZ1 pZE21(cI-yfp) were grown in LB. 

BW14984, TK310 and LS352 were grown in M9CAgluc. To achieve the highest expression level of 

Plac, TK310 and LS352 strains were grown in 1mM IPTG and 10 mM of adenosine 3’,5’-cyclic 

monophosphate (cAMP) (Sigma, #A9501). 

A2. Bacterial strains 

Bacterial strains used are listed in Table A.1. NK7049 derivatives were used to study the gene 

regulatory function of the PRM promoter. NK7049 was used as a negative control for smFISH, qIF and 
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qIF-smFISH experiments of NK7049 derivatives, using lacZ or cI probes and anti-CI antibodies. DH5αZ1 

pZE21(cI-yfp) was used to test the linearity between the YFP fluorescence and immunostaining of CI, in 

those experiments MG1655 was used as a negative control . TK310 and LS352 were used to detect the cI 

gene locus and to detect CI binding at the PRM promoter. BW14894 was used as a negative control for 

smFISH, qIF and qIF-smFISH experiments involving TK310 and LS352, using lacZ or cI probes and anti-

CI antibodies. 

Table A.1. Bacterial strains used in this work 

Strain Relevant Genotype Derived from Reporter Reference Source 

NK7049 (lacIZYA)X74galOP308 StrR Su– - - (Dodd, Perkins et al. 

2001) 

Keith Shearwin 

NK7049 WT lacIZYA, + NK7049 cI (Dodd, Perkins et al. 

2001) 

Keith Shearwin 

AP366 RS45lacYA-PRM::lacZ, OL 
+, cI - NK7049 lacZ (Dodd, Perkins et al. 

2001) 

Keith Shearwin 

AP365 RS45lacYA-PRM::lacZ, OL 
+, cI + NK7049 lacZ (Dodd, Perkins et al. 

2001) 

Keith Shearwin 

AP327 RS45lacYA-PRM::lacZ, OL 
-, cI - NK7049 lacZ (Dodd, Perkins et al. 

2001) 

Keith Shearwin 

AP326 RS45lacYA-PRM::lacZ, OL 
-, cI + NK7049 lacZ (Dodd, Perkins et al. 

2001) 

Keith Shearwin 

MG1655 Wild type, - - -  Lab stock 

MG1655 831  MG1655 cI, lacZ  Lab stock 

DH5αZ1, pZ  cI-yfp + DH5αZ1 cI (Rosenfeld, Young et 

al. 2005) 

Michael Elowitz 

BW14894 lacIZYA MG1655 -  CGSC #8280  

TK310 ΔcyaA ΔcpdA ΔlacY  MG1655 lacZ (Kuhlman, Zhang et 

al. 2007) 

Terrence Hwa  

LS352 (lacI::(λimm-CmR)ΔmphA) TK310 cI, lacZ  This work 
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Appendix B. Detailed description of experimental 

protocols 

B1. Single-molecule fluorescence in situ hybridization 

This protocol has been described in detail in (Skinner, Sepulveda et al. 2013). All steps were 

performed using sterile, RNAse and DNAse-free aerosol barrier pipet tips. Work areas were cleaned with 

RNAzap (Ambion, #AM9780) and rinsed with water and ethanol prior to every experiment.  RNAse and 

DNAse-free reagents were used whenever possible.  All aqueous solutions were made using 

Diethylpyrocarbonate (DEPC)-treated water (Ambion, #AM9922).  All experiments included a negative 

sample used for single-molecule calibration (See below).  

Probe design 

Probe design was based on the protocol described in (Raj, van den Bogaard et al. 2008). We used 

the ProbeDesigner algorithm developed by Arjun Raj (available at http://www.singlemoleculefish.com).  

Each oligonucleotide was 20 nucleotides long, allowing a minimum inter-probe separation of two 

nucleotides and a GC content as close to 45%. Oligonucleotide sets were ordered from Biosearch 

technologies. Each oligonucleotide was ordered with a 3’ amine group, to allow labeling with fluorescent 

dye molecules (see below). We ordered 10 nmol per probe, purified using reverse-phase cartridge, and 

then diluted in 100 μl of water (final concentration, 100 μM).  The probe set was delivered in a 96-well 

plate. Upon arrival, the plate was left at room temperature for 30 min to thaw the probe solutions. Prior to 

opening, the whole plate was spun briefly in a centrifuge (4500g, 5 min). 

For lacZ, we designed a set of 72 oligonucleotides spanning the whole lacZ gene, while for cI, we 

designed a set of 48 oligonucleotides spanning cI and part of rexA. 

Probe labelling 

To label a probe set, equal volumes of each of the probes were pooled into a microcentrifuge tube, 

to a final volume of 360 µl.  40 µl of 1M filter-sterilized Sodium Bicarbonate solution (Fisher Scientific, 

#BP328) was added to the solution and mixed thoroughly by pipetting. 1 mg of succinimidyl-ester 

modified dye (6-carboxytetramethylrhodamine (6-TAMRA, SE (Invitrogen, #C6123)) and Alexa647 

Carboxilic Acid, SE (Life Technologies, #A20006) for lacZ, and 6-TAMRA for cI) was dissolved into 2.5 µl 

of DMSO (Fisher Scientific, #BP231) in a 2 ml microcentrifuge tube, and then mixed with 25 µl of 0.1M 

sodium bicarbonate solution. Immediately after this step, the oligo solution was transferred to the tube 

http://www.singlemoleculefish.com/
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with dye solution and mixed thoroughly by pipetting. The tube was wrapped in aluminum foil, and 

incubated in the dark overnight at 37°C.  

The next morning, 47 µl of 3M sodium acetate solution (pH 5.2, autoclaved) (Fisher Scientific, 

#BP333) was added to the tube and mixed thoroughly by pipetting. Then 1,180 µl of 100% ethanol was 

added to the solution and mixed thoroughly by pipetting. The mixture was then placed at -80°C for at 

least 3 hr or up to overnight. The tube was then centrifuged (15,000g, 30 min), in a tabletop centrifuge. 

The supernatant was decanted, and remaining liquid removed using a Kimwipe. The pellet was then 

dissolved into 45 µl of water. 5 µl of 3 M sodium acetate (pH 5.2) was added to the solution and mixed by 

pipetting. 125 µl of 100% ethanol was then added to the solution and mixed by pipetting. The mixture was 

then placed at -80°C for 3 hr to overnight. The sample was centrifuged (15,000g, 30 min), decanted, and 

diluted into sodium acetate and ethanol once more. After this, the sample was centrifuged (15,000g, 30 

min) and decanted, and the resµlting pellet was diluted into 250 µl of 1x Tris-EDTA (1×TE, pH 8.0) 

(Fisher Scientific, #BP2473) to make a 10x probe stock solution. 50 µl of this solution was transferred to a 

microcentrifuge tube, to which 450 µl of 1×TE solution was added, to create a 1x stock solution. The Probe 

labelling efficiency was assessed using a spectrophotometer (NanoDrop 2000, ThermoScientific).  The 

probe concentration was estimated from the absorbance at 260 nm, while the dye concentration was 

estimated at the peak of absorbance of the dye of interest. The typical probe concentration obtained is ~15 

µM. The labelling efficiency, defined as the ratio of the dye to probe concentration, was consistently 

higher than 0.9, with suggests that most of the probes have been coupled to dyes.  

Sample fixation and permeabilization  

Overnight cultures of the strains of interest were diluted 1:100 to 1:1000 in 30 ml of the 

appropriate growth medium (see Appendix A1). The cultures were grown in an air orbital shaker at 265 

rpm and at 37°C. The OD600 of the cultures was measured periodically with a spectrophotometer (every 

~1h). Then for each sample, when the OD600 was in the 0.2-0.4 range, a volume of culture having the same 

number of cells as 15 ml of culture at OD600 = 0.4 (calculated as V(ml) = 6/OD600) was transferred to an 

ice-cold 50-ml centrifuge tube. The cells were pelleted by centrifugation (4500g, 5 min, 4°C), the 

supernatant was decanted and the remaining liquid removed by tapping the inverted tube into a paper 

towel. The cells were then resuspended into 1 ml of freshly prepared ice-cold 3.7% (vol/vol) formaldehyde 

(Fisher, #BP531) in 1×PBS ( diluted from 10×PBS, Ambion, #AM9625), transferred to a microcentrifuge 

tube and incubated at room temperature for 30 min using a nutator. The cells were pelleted by 

centrifugation (400g, 8 min), and the supernatant removed. The cells were then washed twice in 1×PBS. 

Each time, the pellet was resuspended, centrifuged (600g, 3.5 min), and the supernatant removed. The 

cells were resuspended in 300 µl of water, and 700 µl of 100% ethanol was added to the cell suspension 

and mixed thoroughly to obtain a 70% ethanol solution. Finally, the cells were incubated at room 

temperature for 1 hr using a nutator. 
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Hybridization 

The cells were pelleted by centrifugation (600g, 7 min), and the supernatant removed. The cells 

were then resuspended in 40% wash solution (See below) and incubated at room temperature for 5 

minutes using a nutator. Meanwhile, a tube with 40% Hybridization solution was brought to room 

temperature and 50 µl of hybridization solution were moved to a new microcentrifuge tube.  Probes were 

added to a final concentration of 1 μM. For a 1× probe stock of ~15 μM, 3.6 μl of the stock was added for 

every 50 μl of hybridization solution. The cells were then centrifuged (600g, 7 min), and the supernatant 

removed. The cell pellet was resuspended in 50 µl of 40% hybridization solution with probes, with 

particular care to avoid bubbles in the solution. The tube was then wrapped in aluminum foil and 

incubated in the dark overnight at 30°C.  

10 ml of 40% wash solution contains 1000 ml of 20×SSC (Ambion, #AM9763) and 4g of 

formamide (Ambion, #AM9342). 10 ml of 40% hybridization solution contains 10 ml of 20×SSC, 4 g of 

formamide, 1 g of dextran sµlfate (Sigma, #D8906),), 10 mg of E. coli tRNA (Sigma, #R4251),  100 μl of 

200 mM Ribonucleoside-vanadyl complex (New England Biolabs, #S1402S) and 40 μl of 50 mg/ml BSA 

(Ambion, #AM2616). The solution was filter-sterilized, aliquoted, and stored at -20°C.  

Washing 

The next morning, 10 µl of cells in hybridization solution were transferred to a microcentrifuge 

tube covered in aluminum foil. The cells were resuspended in 200 µl of 40% wash solution, and the tube 

left standing at room temperature for 5 min. The cells were then centrifuged (600g, 3.5 min), and the 

supernatant removed. The cells were washed three more times. Each time, the cells were resuspended in 

200 µl of 40% wash solution, incubated in the dark for 30 min at 30°C, centrifuged, and the supernatant 

removed. In the last wash, 4’,6-diamidino-2-phenylindole (DAPI, Fisher Scientific, #PI-46190) was added 

to the wash solution to a final concentration of 10 ug/ml. Finally, the cell pellet was resuspended in 10-20 

µl of 2×SSC (20xSSC diluted in water) after which the sample was ready to be imaged.  

B2. Quantitative immunofluorescence 

The sample fixation and permeabilization steps are performed following the smFISH protocol, 

with a few differences. First, regular pipette tips and reagents were used (i.e. non DNAse-free). Second, 

higher centrifugation speeds were used, because lysozyme permeabilization renders cells harder to pellet. 
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Sample fixation and permeabilization  

Overnight cultures of the strains of interest were diluted 1:100 to 1:1000 in 30 ml of the 

appropriate growth medium (see Appendix A1). The cultures were grown in an air orbital shaker at 265 

rpm and at 37°C. The OD600 of the cultures was measured periodically with a spectrophotometer (every 

~1h). Then for each sample, when the OD600 was in the 0.2-0.4 range, a volume of culture having the same 

number of cells as 15 ml of culture at OD600 = 0.4 (calculated as V(ml) = 6/OD600) was transferred to an 

ice-cold 50-ml centrifuge tube. The tube was then centrifuged (4500g, 5 min, 4°C), the supernatant was 

decanted and the remaining liquid removed by tapping the inverted tube into a paper towel. The cell 

pellet was resuspended into 1 ml of ice-cold 3.7% (vol/vol) formaldehyde solution in 1×PBS (diluted from 

10xPBS (Fischer Scientific, #BP399)), transferred to a microcentrifuge tube and incubated at room 

temperature for 30 min using a nutator. The cells were then centrifuged (4500g, 5 min), and the 

supernatant removed. The cells were washed twice in 1 ml of 1×PBS. Each time, the cells were 

resuspended, centrifuged (4500g, 5 min), and the supernatant removed. The cells were resuspended in 

300 µl of water, and 700 µl of 100% ethanol was then added to the cell suspension and mixed thoroughly 

by pipetting. The cells were incubated at room temperature for 1 hr using a nutator. The cells were then 

centrifuged (4500g, 5 min), and the supernatant removed. The pellet was resuspended in 1 ml of 25 µg/ml 

lysozyme (Sigma #L6876) in 1×TE and incubated at room temperature for 1o min using a nutator. The 

cells were then centrifuged (max speed, ~20000g, 30 sec) and the supernatant removed.  The cells were 

washed three times in 1 ml 1×PBS. Each time, the cells were resuspended in 1×PBS, centrifuged 

(~20000g, 30 sec), and the supernatant removed.   

Immunostaining 

The cells were resuspended in 100 µl of 2% blocking solution (10 ml of 2% blocking solution 

contains 1 ml 10xPBS, 0.2 gr BSA (Sigma, #A7030), and 5 µl Tween 20 (Fisher Scientific, #BP337) and 

incubated at room temperature for 15 min. The tube was then centrifuged (4500g, 3 min) and the 

supernatant removed. The cells were then resuspended in 100 µl of primary antibody solution (See below) 

in 2% blocking solution and incubated at room temperature for 1hr in a nutator. The cells were then 

centrifuged (4500g, 3 min) and the supernatant removed.  The cells were washed twice. Each time, the 

cells were resuspended in 1 ml 1×PBS, centrifuged (4500g, 5 min), and the supernatant removed. The 

cells were then resuspended in 100 µl of secondary antibody solution (See below), the tube wrapped in 

aluminum foil, and incubated at room temperature for 1 hr in a nutator. The tube was centrifuged (4500g, 

3 min) and the supernatant removed. The pellet was resuspended in 1 ml 1×PBS, centrifuged (4500g, 5 

min) and the supernatant removed. The pellet was then resuspended in 1ml 1×PBS with 10 µg/ml DAPI, 

and incubated at room temperature for 10 minutes. The tubed was centrifuged (4500g, 5 min) the 

supernatant removed with a pipette, and the pellet resuspended in 100-200 µl of 1xPBS, after which the 

sample was ready to be imaged. 
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The primary antibody solution was a 1:100 dilution of the antibody of interest in 2% blocking 

solution. For immunostaining of GFP, we used a polyclonal rabbit anti-GFP antibody (Molecular Probes, 

#A11122) or a monoclonal anti-GFP antibody (Molecular Probes, #A11120). For immunostaining of CI, we 

used a rabbit anti-CI whole serum (Gift from Ian Dodd and Keith Shearwin, (Dodd, Perkins et al. 2001)), 

that was affinity purified using a whole-cell affinity pull down procedure (See below). The secondary 

antibody solution was a 1:100 dilution of fluorescently labeled secondary antibody (Alexa488 goat anti-

rabbit (Molecular Probes, #A11034), A488 goat anti-mouse (Molecular Probes, #A11001) and Alexa594 

donkey anti-rabbit (Molecular Probes, #A21207 )) in 2% blocking solution. 

B3. Antibody purification via whole-cell affinity pull-down 

Our CI antibody came of the form of a dried-down serum from a rabbit that was immunized with 

the full-length CI peptide. Thus, in addition to the anti-CI antibodies, the serum contained other 

antibodies that could result in significant non-specific labeling. To clean the serum from non-specific 

antibodies, we modified the protocol described from Dodd et al (Dodd, Perkins et al. 2001), which used a 

lysate of cells not expressing the protein of interest to “pull-down” non-specific binding antibodies. The 

protocol consisted in an adaptation of the quantitative immunofluorescence protocol described above, 

where 10× of cells were used to pull-down antibodies from a primary antibody solution used to label one 

sample. The protocol below is adjusted to purify ~800 µl of primary antibody solution, enough for 8 

samples.  Regular reagents (non-DNAase free) were used for sample fixation and permeabilization, while 

RNAse-free reagents were used for the whole-cell pull-down section.  

Sample fixation and permeabilization  

5 ml of LB medium were inoculated with a fresh colony of a cI— strain (BW14894, MG1655 or 

NK7049) and grown overnight in an orbital shaker at 265 rpm and at 37°C. The next morning, two flasks 

with 250 ml LB each were inoculated with 2.5 ml of culture, and grown in an orbital shaker at 265 rpm 

and at 37°C. The OD600 of the cultures was measured periodically with a spectrophotometer (every ~1h). 

When the cultures reached OD600 = 1, the cultures were mixed and a total of 480 ml was distributed into 

12 ice-cold 50-ml centrifuge tubes (~40 ml/tube). The cells was then centrifuged (4500g, 5 min, 4°C), the 

supernatant was decanted and the remaining liquid removed by tapping the inverted tubes into a paper 

towel. Each cell pellet was resuspended into 5 ml of ice-cold 3.7% (vol/vol) formaldehyde solution in 

1×PBS (diluted from 10×PBS). Three tubes were pooled into one, and then 5 ml of formaldehyde solution 

was added to each tube, ending up with 4 tubes with 20 ml of solution. The caps were covered with 

parafilm, and the cells incubated at room temperature for 30 min using a nutator. The cells were then 

centrifuged (4500g, 5 min), and the supernatant removed. The cells were washed twice in 20 ml 1×PBS. 

Each time, the cells were resuspended, centrifuged (4500g, 5 min), and the supernatant removed. The 
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cells were then resuspended in 6 ml of water, and 14 ml of 100% ethanol was added to the cell suspension 

and mixed thoroughly by pipetting. The caps were covered with parafilm, and the cells were incubated at 

room temperature for 1 hr using a nutator. The cells were then centrifuged (4500g, 5 min), and the 

supernatant removed. The cells were resuspended in 4 ml of 25 µg/ml lysozyme in 1×TE, the caps were 

covered with parafilm, and incubated at room temperature for 1o min using a nutator. Then 16 ml of 

1×PBS was added to each tube. The cells were then centrifuged (4500g, 5 min) and the supernatant 

removed.  The cells were washed twice in 20 ml 1×PBS. Each time, the cells were resuspended in 1×PBS, 

centrifuged (4500g, 5 min), and the supernatant removed.   

Whole-cell affinity pull-down 

The cells from each of the 4 tubes were resuspended in 1 ml of RNAse-free 2% blocking solution 

(10 ml of 2% blocking solution contains 1 ml 10×PBS, 0.2 gr BSA, 5 µl Tween 20 and 100 µl 200 mM 

Ribonucleoside Vanadyl Complex (New England Biolabs, #S1402S) ). The cell suspensions from all tubes 

were transferred to 8 microcentrifuge tubes (~500 µl/tube) and incubated at room temperature for 15 

min. The cells were then centrifuged (maximum speed, ~20000g, 2 min) and the supernatant removed. 

The cells were then resuspended in 100 µl of 0.8% blocking solution with antibodies (1 ml of 0.8% 

blocking solution contains 160 µl Ultrapure BSA (Ambion, #AM2616), 100 µl 10×PBS, 0.5 µl Tween 20, 

10 µl 200 mM Ribonucleoside Vanadyl Complex and 10 µl CI antiserum) and incubated at room 

temperature for 1hr in a nutator. The cells were then centrifuged twice (maximum speed, ~20000g, 2 

min) and the supernatant from all tubes after each centrifugation was collected into a microcentrifuge 

tube.  The resulting primary antibody solution was centrifuged (maximum speed, ~20000g, 2 min), and 

the supernatant transferred to a new microcentrifuge tube.  

B4. Combined immunofluorescence and single-molecule 

fluorescence in situ hybridization 

As with smFISH, all steps were performed using sterile, RNAse and DNAse-free aerosol barrier 

pipet tips. Work areas were cleaned with RNAse Zap prior to every experiment.  RNAse and DNAse-free 

reagents were used whenever possible. All aqueous solutions were made using Diethylpyrocarbonate 

(DEPC)-treated water (Ambion, #AM9922).  All experiments included a negative sample used for single-

molecule calibration (See below). Probe design and labelling was performed as described in the smFISH 

section (Appendix B1). Antibody purification was performed as described in the Appendix B3 section.  
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Sample fixation and permeabilization  

Overnight cultures of the strains of interest were diluted 1:100 to 1:1000 in 30 ml of the 

appropriate growth medium (see Appendix A1). The cultures were grown in an air orbital shaker at 265 

rpm and at 37°C. The OD600 of the cultures was measured periodically with a spectrophotometer (every 

~1h). Then for each sample, when the OD600 was in the 0.2-0.4 range, a volume of culture having the same 

number of cells as 15 ml of culture at OD600 = 0.4 (calculated as V(ml) = 6/OD600) was transferred to an 

ice-cold 50-ml centrifuge tube. The tube was then centrifuged at (4500g, 5 min, 4°C), the supernatant was 

decanted and the remaining liquid removed by tapping the inverted tube into a paper towel. The pellet 

was resuspended into 1 ml of ice-cold 3.7% (vol/vol) formaldehyde solution in 1×PBS (diluted from 

10×PBS), transferred to a microcentrifuge tube and incubated at room temperature for 30 min using a 

nutator. The tube was then centrifuged (4500g, 5 min), and the supernatant removed. The pellet was 

washed twice in 1×PBS. Each time, the pellet was resuspended, centrifuged (4500g, 5 min), and the 

supernatant removed. The cells were finally resuspended in 300 µl of water, and 700 µl of 100% ethanol 

was then added to the cell suspension and mixed thoroughly by pipetting. The cells were incubated at 

room temperature for 1 hr using a nutator. 

Hybridization 

The cells were pelleted by centrifugation (4500g, 5 min), and the supernatant removed. The cells 

was resuspended in 10% wash solution (See below) and incubated at room temperature for 5 min using a 

nutator. Meanwhile, a tube with 10% Hybridization solution was brought to room temperature and mixed 

thoroughly with a pipette to homogenize the solution. Then 50 µl of hybridization solution were moved to 

a new microcentrifuge tube, and probes were added to a final concentration of 1 μM. For a 1x probe stock 

of ~15 μM, that corresponds to adding 3.6 μl for every 50 μl of hybridization solution. The cells were then 

centrifuged (4500g, 5 min), and the supernatant removed. The pellet was resuspended in 50 µl of 10% 

hybridization solution with probes (See below), with particular care to avoid bubbles in the solution. The 

tube was then wrapped in aluminum foil and incubated in the dark overnight at 30°C.  

10 ml of 10% wash solution contains 1 ml of 20xSSC and 1g of formamide. 10 ml of 10% 

hybridization solution contains 1 ml of 20×SSC, 1 g of formamide, 1 g of dextran sµlfate, 10 mg of E. coli 

tRNA, 100 μl of 200 mM Ribonucleoside-vanadyl complex and 40 μl of 50 mg/ml BSA. The solution was 

filter-sterilized, aliquoted, and stored at -20°C.  

Washing 

The next morning, the whole hybridization solution with cells (50 µl) was transferred to a new 

microscentrifuge tube covered in aluminum foil. 1 ml of 10% wash solution was added to the tube, and 

incubated at room temperature for 5 min. The cells were then centrifuged (4500g, 5 min), and the 
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supernatant removed. The cells were resuspended in 1 ml of 10% wash solution and incubated in the dark 

for 10 hr at 30°C. The tube was centrifuged (4500g, 5 min) and the supernatant removed. Then the pellet 

was resuspended in 1 ml of 10% wash solution, and the tube was incubated in the dark for ~14 hr at 30°C.  

Lysozyme permeabilization 

The tube was then centrifuged (4500g, 5 min), and the supernatant removed. The pellet was 

resuspended in 1 ml of 25 µg/ml lysozyme in 1×TE and incubated at room temperature for 1o min using a 

nutator. The tube was then centrifuged (max speed, ~20000g, 30 sec) and the supernatant removed.  The 

pellet was then washed in three times in 1 ml 1×PBS (resuspended in 1×PBS, centrifuged (~20000g, 30 

sec), the supernatant removed with a pipette)  

Immunostaining 

The pellet was resuspended in 100 µl of 0.8% BSA solution and incubated at room temperature 

for 15 min. The cell suspension was transferred to a new microcentrifuge tube. The tube was then 

centrifuged (4500g, 3 min) and the supernatant removed. The pellet was then resuspended in 100 µl of 

washed primary antibody solution (See below), and the tube was incubated at room temperature for 1 hr 

in a nutator. The cell suspension was transferred to a new microcentrifuge tube. The tube was then 

centrifuged (4500g, 3 min) and the supernatant removed.  The pellet was then washed twice in 1 ml 

1×PBS (resuspended in 1x PBS, centrifuged (4500g, 5 min), supernatant removed with a pipette). The 

pellet was then resuspended in 100 µl of secondary antibody diluted 1:100 in 0.8%BSA solution, the tube 

wrapped in aluminum foil, and incubated at room temperature for 1 hr in a nutator. The cell suspension 

was transferred to a new microcentrifuge tube. The tube was centrifuged (4500g, 3 min) and the 

supernatant removed. The pellet was resuspended in 1 ml 1×PBS, centrifuged (4500g, 5 min) and the 

supernatant removed. The pellet was then resuspended in 1ml 1×PBS with 10 µg/ml DAPI, and incubated 

at room temperature for 10 minutes. The tube was centrifuged (4500g, 5 min) the supernatant removed 

with a pipette, and the pellet resuspended in 100-200 µl of 1×PBS, after which the sample was ready to be 

imaged. 

B5. Microscopy 

The next step after performing a smFISH, qIF or qIF/smFISH protocol, is imaging. For all those 

protocols, the last step is to resuspend the cells in the buffer of interest (either 2×SSC or 1×PBS). The 

volume of buffer used to resuspend the cells can be modified to provide an appropriate cell density in the 

slide to be imaged. If the cells are too diluted, many images would be needed to obtain population 

statistics, which is not efficient. In the other hand, if the cell density is too high, the automatic cell 
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recognition routines (Appendix C1) may not work at all.  In the optimal case, cells will cover most of the 

field of view without touching or overlapping.  

All steps were performed using sterile, RNAse and DNAse-free aerosol barrier pipet tips. Work 

areas were cleaned with RNAse Zap prior to every experiment.  RNAse and DNAse-free reagents were 

used whenever possible. All aqueous solutions were made using Diethylpyrocarbonate (DEPC)-treated 

water. 

Slide setup 

Six microscope slides (Fisherbrand, #12-550-A3) were washed with 100% ethanol and rinsed with 

distilled water. The surfaces were dried with a Kimwipe. Five slides were stacked on a leveled surface 

(Figure B1A). 20 ml of 1×PBS and 0.3 g of low-melt agarose (Fisher Scientific, #BP160) were added to a 

100-ml Kimax-35 bottle (VWR, #16171-004). The contents were dissolved by heating the bottle in a 

microwave at low power for 5 min, swirling the solution every 1 min. The molten agarose solution was 

poured onto the slides (Figure B1B). The agarose was covered with the remaining slide, placing a 200-g 

weight on top (McMaster-Carr, #1777T28) (Figure B1C). The agarose was allowed to solidify at room 

temperature for 45 min. The four slides were removed from the sides of the agarose pad, leaving the top 

and bottom slides for easy storage and handling (Figure B1D). Excess agarose was removed from the 

slides with a razor blade (Figure B1E). The slide-encased agarose pads were wrapped in plastic wrap and 

stored at 4°C for up to 24 h.  

Figure B1: Preparation of agarose pads. (A) Stack five microscope slides on a leveled surface. (B) Pour the molten 

agarose solution onto the slides (C) Cover the agarose with the remaining slide, placing a weight on top. Let solidify 

for 45 min, RT. (D) Remove the four slides from the sides of the agarose pad, leaving the top and bottom slides for 

easy storage and handling. (E) Remove the excess agarose from the slides with a razor blade. (F) For use in imaging, 

carefully move the slides exposing the agarose, and excise a 1 x 1 cm agar pad with a razor blade. (G) Pipette the 

cell suspension droplet onto the center of a 24 x 50 mm coverslip. (H) Lay the agarose pad slowly on top of the cell 

suspension droplet with a razor blade. (I) Cover the agarose pad with a 22 X 22 mm coverslip. Figure adapted from 

(Skinner, Sepulveda et al. 2013) 
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Microscopy setup 

For imaging, we used a conventional inverted epifluorescence microscope (Nikon, Eclipse Ti) 

equipped with a cooled EM-CCD camera (Photometrics, Cascade II: 1024) and motorized stage control 

(Prior, Proscan III). A mercury lamp was used as the light source (Nikon, Intensilight C-HGFIE). A fast 

motorized optical shutter (Sutter Instruments, SmartShutter) was used to control the fluorescence 

illumination exposure time. Band-pass filter cubes (Nikon) were used for spectral separation. An ×100, 

NA 1.40, oil-immersion phase-contrast objective (Nikon, Plan Apo ×100/1.40 oil) was used with an 

additional ×2.5 lens in front of the camera. The specimen was mounted on a universal specimen holder. 

The microscope was installed on an optical table (TMC, breadboard and four-post support) to dampen 

mechanical vibrations. Microscope management software (Nikon, Elements) was used to control the 

microscopy setup. 

Imaging procedure 

For each sample to be imaged, a 24 × 50-mm coverslip (Fisherbrand, #12-544-E) was taken 2 μl 

of the cell suspension was pipetted onto the center of the coverslip (Figure B1G). A 1 × 1-cm agarose pad 

was cut with a razor blade (Figure B1F). The agarose pad was lifted from one corner with the blade and 

laid slowly on top of the cell suspension droplet (Figure B1H). The pad was then covered with a 22 × 22-

mm coverslip (Fisherbrand, #12-541-B) (Figure B1I). 

The optimal imaging conditions for our experimental setup were characterized. The sample with 

the highest expression level was imaged first. The best focal plane (z-position) was found in the phase 

contrast channel, and images were acquired in the fluorescent channel. This procedure was repeated for 

different exposure times and stage positions (fields of view) and the maximum pixel value in the image 

recorded. We choose exposure times and gain values that produced pixel intensities no higher than 60% 

of the maximum pixel value of the camera (maximum value of 65,535 for a 16-bit camera). This procedure 

was repeated for every channel. Our typical imaging conditions were the following: for Phase contrast: 

100 ms, no gain; for Alexa488: 200 ms, 3000 gain; TAMRA: 1000 ms, 3200 gain and DAPI: 200 ms, 

2000 gain.  

The cells were imaged in nine successive z-slices at 200-nm spacing, for each of the fluorescent 

channels. This procedure was repeated for different stage positions (fields of view) either manually or by 

using an automatic acquisition mode. For each sample, 10-100 images were acquired.  
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Appendix C. Data analysis  

All image processing and data analysis were performed using MATLAB (MathWorks). 

C1. Automatic cell recognition 

Cell recognition for images from smFISH experiments, and from qIF/smFISH experiments of 

cells grown in M9gly, M9CAgly and M9CAgluc, was performed using the program Schnitzcells (Young, 

Locke et al. 2012). Schnitzcells use edge detection and morphological operations to automatically generate 

segmentation masks from phase contrast or fluorescent images. Those segmentation masks were refined 

manually using the Graphical User Interphase (GUI) inside Schnitzcells. 

Cell recognition for images from qIF experiments, and from qIF/smFISH experiments of cells 

grown in LB was performed using a custom-made GUI. Lysozyme permeabilization affects the integrity of 

the cell wall; this translates into an irregular decrease of intensity inside the cells in phase contrast 

images. The heterogeneity in the contrast precludes cell segmentation using Schnitzcells. We 

implemented a simple thresholding algorithm in a MATLAB to generate a preliminary mask, that was 

then refined manually using the GUI inside Schnitzcells. 

The segmentation masks obtained in this manner were used to calculate cell properties (e.g. 

length, width and total cell fluorescence) and to allocate fluorescent spots to cells. 

C2. Spot recognition 

Spot recognition was performed using the program Spätzcells, developed in our lab to identify 

and measure the properties of fluorescent foci (spots) across multiple focal planes in image stacks 

(Skinner, Sepulveda et al. 2013). The algorithm works as follows: Spätzcells first identifies 2D local 

maxima of fluorescence intensity, with height above a predefined ‘spot detection threshold’. These 

maxima are then classified as spots only if they appear in multiple adjacent image planes (z positions). 

Finally, for each spot, the fluorescence intensity profile (at the focal plane where the spot is in focus) is 

fitted to a 2D Gaussian function, and features such as the position, peak height (amplitude of the 

Gaussian fit) and the integrated fluorescence intensity are recorded. In the case that other spots are 

present in the vicinity of the spot being fitted, a 2D multi-Gaussian fit is performed.  
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C3. Spatial fluctuations in fluorescence 

As described in Section 4.2, it is possible to obtain the typical fluorescence of a protein labeled 

using immunofluorescence,       , from the relationship between the average pixel intensity in a cell, 〈 〉, 

and the variance in the intensity of the pixels,    ( ). Our derivation considers the following assumptions:  

1. Suppose a cell that contains N proteins is divided into m segments, the protein number (  ) in 

each segments obeys a multinomial distribution: 
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2. Unless otherwise specified, protein distribution inside the cell is considered to be uniform, which 
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3.  In all following derivation, we use the limit    , so that each segment is infinitesimally small, 
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In the case that we have an uniform distribution of fluorescence intensity in the cell, 

consider the following:  
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1. Suppose a 3D point spread function (PSF)  (     ), which is the detector (either a PMT or a 

single pixel of CCD)’s typical response (ignore the optical shot noise) to a single protein particle at 

position (x,y,z), then we have: 

   ∑ ( )  

 

 

〈 〉      
   

∑ ( ) 

 

   

 (  )   ∫    (      )
 

    ∫       
 

   ‖ ‖ 

   ( )      
   

(∑ ( )2 

 

   

   (  )  ∑ ( ) ( )    (     )

   

)  ∫   2    
 

 ∫   ∗    2  
 

   ‖ 2‖   2 ‖ ‖2 

where   is the intensity value of a typical pixel/voxel, ‖ ‖   ∫   
 

, which is the 

integration over the whole space. The slope   of    ( ) vs 〈 〉 is 

   
‖ 2‖

‖ ‖
  ‖ ‖ 

If we plot    ( ) and 〈 〉 then we expect k. How do we predict  ? 

2. Suppose the PSF has a gaussian form on all three dimensions, i.e: 

 

   
 

(  )
 

2⁄       

 
 

  

2  
  

  

2  
  

  

2  
 
 

 

Then 

   
 

 ( )
 

2⁄       

 
 

     

 

 

Usually               , so  

 

   
 

 ( )
 

2⁄       

 

 

3. To compare with the single particle analysis results, just integrate   over the middle xy plane 

      ∫       
 

  
 

(  )
 

2⁄   
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Therefore 

       √        

 

4. For thin samples, where             , the PSF on z dimension is replaced by its maximal value, 

and therefore 

              

      can be used to transform the total fluorescence inside the cell to the total number of 

fluorescence particles. It can also be directly compared to the result obtained from the single 

particle analysis, described in Section 4.2. 
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