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Studying transcriptional interactions in single cells at sufficient
resolution
Mats Wallden and Johan Elf
Our ability to dissect and understand the principles of gene
regulatory circuits is partly limited by the resolution of our
experimental assays. In this brief review, we discuss aspects of
gene expression in microbial organisms apparent only when
increasing the experimental resolution from populations to
single cells and sub-cellular structures, from snap-shots to
high-speed time-lapse movies and from molecular ensembles
to single molecules.
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Introduction
Gene regulation depends on a broad spectrum of intracellular signals encoded and processed at a variety of
spatial and temporal scales. In order to unveil the regulatory principles of a specific system, the experimental
assay needs to resolve the regulatory cues of the process
under investigation. Obviously, to investigate stochastic
differences in gene expression between cells, means of
studying cells individually have to be adopted, and to
understand dynamics of gene regulation, the process
needs to be monitored at sufficient time resolution.
Biomolecules may also change conformation, location,
states of binding and modification, etc. and resolving
these states may be necessary to determine their role
for regulation. In this review, we present a few examples
of regulatory interactions revealed only at fine experimental resolution. Further, we present the use of microfluidics
as a means of meeting the greater demands of conducting
high-resolution studies.

Single-cell resolution and gene expression
Isogenic cells living under seemingly identical conditions
may display considerable heterogeneity in gene expression
www.sciencedirect.com

(Figure 1a). Population-averaged studies mask the cell-tocell difference and assays with single-cell resolution are
necessary to explore for example the reasons and consequences of heterogeneity. There are several different
factors that can contribute to the variations between isogenic cells. Firstly, the chemical reactions involved in gene
expression are inherently stochastic and will generate
diversity [1–3]. Secondly, cells can be in different phases
of the cell cycle or some other oscillating regulatory cycle
[4]. Even if cells are initially synchronous, stochastic
fluctuations will cause them to drift out of synchrony
[5,6]. Thirdly, there are several epigenetic phenomena
that will keep lineages with different histories different for
generations even when growing under identical conditions
[7,8]. Finally, unicellular organisms may also differ according to their age, as measured in the number of cell divisions
they have experienced [9,10].
Gene expression can be studied in single cells using a
variety of methods. For example by using flow cytometry
the expression levels of fluorescent reporter proteins can
be measured in many thousands of individual cells in a
short time. Real-time PCR can also be used to quantify
endogenous RNA molecules in single cells [11]. If the
expression levels approach single copies per cell, methods
with higher sensitivity are needed. For example, digital
PCR makes absolute quantification of native mRNAs
possible [12] and simultaneous quantification and localization of single intracellular mRNAs can be achieved by
Fluorescence in Situ Hybridization, FISH [13]. Furthermore, expression levels of fluorescent reporter proteins
can be quantified down to the level of single molecules in
individual living bacterial cells by using sensitive microscopy [14]. This technique was recently used to quantify
the genome-wide expression patterns of Escherichia coli at
single-molecule sensitivity [15].

Temporal resolution and dynamics
Static information on cell-to-cell variability can be used to
infer dynamic properties of transcription based on the
stationary distribution of a stochastic model [16,17]. However, important parameters are masked in time averaging
and can only be obtained by monitoring cells over time
[18,19]. Here, time-lapse fluorescence microscopy of fluorescent protein reporter constructs has proven an exceptionally powerful tool [20,21]. This approach has been used
to study dynamic aspects of many regulatory circuits in
single cells which may otherwise have been overlooked.
For example, Dunlop et al. [22] recently reported on how
time delayed correlations in gene expression can be used to
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Figure 1

High-resolution fluorescence microscopy of gene expression. (a) Heterogeneous and lineage dependent gene expression from isogenic E. coli cells.
Top: expression of fluorescent proteins from the lac operon in response to shift in carbon source (MW and JE, in preparation). Bottom: phase contrast
image of the same cells. (b) Rapid induction of the lac operon as studied by dissociation of individual LacI-Venus repressors from the chromosomal
binding site. The time-scale of induction would be masked in an assay based on detecting expressed reporter proteins. Left: cells without IPTG. Right:
cells after addition of 100 mM IPTG. (Petter Hammar, in preparation). (c) MinCD oscillations in E. coli. Top: the spatial oscillations of MinC regulates the
position of cell division in E. coli [47]. Bottom: stochastic reaction-diffusion simulation in 3D based on the multivariate master equation [48,49]. (d)
Single-molecule superresolution tracking of rapidly diffusing proteins in a bacterial cell (English et al. submitted).

infer active regulatory links and separate intrinsic from
extrinsic noise. Another stunning example of time-dependent gene regulation is found in a study by Cagatay
et al., where they showed how design of competence
circuits in Bacillus subtilis is under selection for fluctuations
in the competence time [23].
However, the temporal resolution of assays based on
expression of fluorescent proteins is limited, mainly by
the reporters themselves. The instantaneous expression
level of a gene is smeared over a period corresponding to
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the maturation time of the fluorochrome, which can
amount to several hours [24]. One way to improve the
time resolution is to use fast-maturing fluorescent
proteins, such as Venus, a yellow fluorescent protein
variant [25] with a maturation time of around 7 min
[18]. Another means of increasing the time resolution
is to destabilize the reporter. By including a specific
protease degradation tag, such as ssrA, the fraction of
early matured proteins can be increased [26]. This is at
the expense of the signal strength and also introduces
noise from the proteolytic pathway into the signal.
www.sciencedirect.com
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Alternatively, it is possible to monitor pre-matured fluorescent protein reporters as they bind to nascent RNA
molecules. This can be achieved by utilizing the affinity
that fluorescently labeled MS2 phage coat protein exhibits to a 19 nt RNA hairpin structure which can be
included repeatedly in the mRNA studied [19,27]. The
time resolution is in this case limited by the association
rate of the fluorescent fusion proteins. Higher expression
levels of the fluorescent fusion protein will obviously
decrease the time for binding, but also increase the
fluorescent background such that more molecules will
have to bind to detect the signal. The total expression
level of the reporter has to be tuned so as to allow fast
detection of nascent RNA molecules.
Several transcription factors exist at sufficiently low
cellular copy number to enable detection over the background of a single fluorescently tagged protein molecule
bound to its chromosomal binding site. This was used by
Elf et al. [28] to determine the time it takes for a LacI
transcription factor to find and repress its chromosomal
operator in E. coli and its rate of dissociation after
induction. In this case, the time resolution is only
limited by the time it takes to distinguish specifically
bound from freely diffusing proteins (<100 ms), which
is much faster than the conventional indirect assays of
gene regulation based on the expression of reporter
proteins (Figure 1b).

Spatial resolution and gene regulation
Important information encoded in the intracellular
location of transcriptional regulators may also be lost
when studying cells at insufficient spatial resolution.
For example, in a recent study Cai et al. [29] demonstrated that the transcription factor Crz1 regulates expression of its target genes in response to the extracellular
calcium concentration by oscillating between the soma
and nucleus in Saccharomyces cerevisiae cells in a frequency
modulated manner. The frequency modulation ensures
that different regulated promoters can respond in proportion to the stimulus despite different binding
strengths for the transcription factor. Striking examples
of coordinated spatial and temporal oscillations of gene
regulatory proteins can also be found in prokaryotic cells,
such as in the cell cycle-dependent activities of master
regulators [30] and mitotic apparatus [31] in Caulobacter
crescentus; the regulated relocation of bacterial transcription factors between their chromosomal operators and the
inner membrane [32]; as well as the irregular relocations
from pole to pole or nucleoid to nucleoid of the Soj
protein involved in sporulation and transcriptional regulation in B. subtilis [33].
All of these studies have relied on fluorescence microscopy
to provide the spatial information. Conventional light
microscopy is however diffraction-limited, in the sense
that it is not possible to know from where in the sample
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plane a photon originated with a better resolution than
200 nm. The dynamics of cellular structures at finer
resolutions have therefore remained hidden. However,
several methods that allow far-field fluorescence microscopy at higher resolution have recently been devised [34].
For example Shroff et al. [35] used Photoactivated Localization Microscopy, PALM, to study dynamics within
individual adhesion complexes in living mamalian cells
at 60 nm spatial resolution and Huang et al. [36] used
multicolor three-dimensional stochastic optical reconstruction microscopy, 3D-STORM, to visualize the topology of
the mitochondrial network in fixed mammalian kidney
cells at a 30 nm resolution. These methods will greatly
improve our ability to study cellular structures and nanoscopic dynamics also in prokaryote cells. For example
Biteen et al. [37] used superresolution time-lapse imaging
to characterize the filamentous superstructure of the bacterial actin protein MreB in live C. crescentus cells at a
resolution of 40 nm and Greenfield et al. [38] used PALM
to characterize the organization and assembly of E. coli
chemotaxis Tar receptors in fixed cells at a spatial resolution of 15 nm.

Microfluidics in single-cell microscopy
Three pressing needs arise when performing single-cell
gene expression studies: firstly observations of many cells
and molecules have to be accumulated in order to draw
significant conclusions, secondly the cells have to be in a
representative physiological state and thirdly the chemical environment must be well-defined and preferably
rapidly interchangeable. Recent advances in micro-fabrication have realized microfluidic devices capable of
alleviating these needs for single-cell fluorescence microscopy [39,40] (Figure 2).
In order to keep microbial cells in constant good health
during experiments, several micro-chemostats have been
designed. For example Danino et al. [41] devised chips
trapping a monolayer of bacterial cells in the focal plane.
A constant occupancy of each trap was maintained as cells
were released as they grew out of the trap.
The microscopic length scale characteristic of these
devices shifts the properties of the fluids into a regime
in which little or no turbulent mixing occurs. This allows
for predictable and automatable on-chip composition of
the cells chemical environment as well as its rapid
exchange, increasing both the time and inductive resolution at which gene expression can be studied [6]. Most
importantly, trapping regions are easily multiplexed on a
chip, allowing a massive parallelization of a single experiment [15]. Combined with the indefinitely prolonged
times that cells can be maintained and imaged [50] results
in data sets, the magnitude of which can dramatically
increase confidence in the conclusions drawn, even for
rare events [42] and better merits the comparison with
bulk experiments.
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Figure 2

E. coli cells in a microfluidic device. Right: parallel trapping regions each containing 200–300 cells imaged with phase contrast. Top left: a single trap
imaged with phase contrast allowing segmentation and tracking of individual cells. Bottom left: fluorescence image of membrane-bound Venus
molecules resulting from leakage expression from the lac operon (MW and JE, in preparation).

Resolving Individual molecular states
So far we have described phenomena that may be masked
in experiments lacking resolution of single cells, in time
or space. However, since macromolecules with the same
primary sequences, that is isoform molecules, can be in
different states of activity, conformation or binding,
studying only the total molecule concentration at some
intracellular location may obscure important biological
information. Furthermore, the average properties of a
molecular ensemble can only reveal kinetics of interconversion between such states if it is first perturbed out of
steady state. The situation is different if the state transitions of single molecules can be traced directly. In this
case the chemical rates can be determined also at steady
state without the need to synchronize the ensemble of
molecules, which is often not possible in vivo.
In vitro, very powerful single-molecule assays based on for
example Förster Resonance Energy Transfer, FRET [43]
or fluorogenic product reactions have been reported [44].
Unfortunately, many such schemes remain difficult to
Current Opinion in Biotechnology 2011, 22:81–86

realize in vivo, mainly because of high background autofluorescence, and in the case of FRET photo-instability of
genetically encoded fluorescent reporters. One way to
differentiate bound from free molecules in live cells would
be to study their individual diffusion trajectories, as
obtained by single-molecule tracking of fluorescent fusion
proteins [51]. Inside living cells it has however proven a
challenge to collect a sufficient number of photons from
individual rapidly moving fluorescent proteins to pinpoint
their positions. This has previously limited the range of
possible targets to slowly diffusing molecules, such as
membrane-associated proteins. For example, Niu and
Yu [45] studied FtsZ labeled with the photo-convertible
red fluorescent protein Dendra2b, and characterized the
differences between two FtsZ subpopulations in E. coli.
By combining superresolution localization of individual
fluorescently labeled proteins with stroboscopic laser
excitation it is also possible to capture the movement
of individual transcription factor molecules searching for
their specific binding sites [28]. Recently this method
www.sciencedirect.com
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was improved such that it is possible to track individual
rapidly moving fluorescent proteins in E. coli (Figure 1d)
(English et al., in preparation). This capability suggests
that it is also possible to track fluorescent fusion proteins
diffusing through the cytoplasm in free or bound states.
By monitoring the transitions between such states of
different diffusivities it will be possible to acquire binding and dissociation rates for proteins in living cells.

Conclusions
Currently, gene expression and gene regulation can be
studied in individual cells, and population-averaged
models are now being understood from the perspective
of individual contributions from heterogeneous ensembles
of isogenic cells. Increased spatiotemporal resolution has
enabled the correlation of expression to the diverse and
dynamic states of individual regulator molecules. Furthermore, the chemical control and parallelization possible in
microfluidic devices afford the exhaustive exploration of
inductive responses as well as confidence in the results.
One of the challenges for the immediate future is to adapt
these high-precision methods to the study of eukaryotic
cells. Here the large volume and high auto fluorescent
background make detection, accurate counting and fast
tracking of single fluorescent proteins difficult, but probably not impossible. Also, more powerful schemes to
interrogate the state of activity of individual molecules
in living cells are needed. To date, single-molecule tracking can be used to measure binding kinetics and FRET to
determine conformational changes in vitro, but the in vivo
implementations of both methods remain limited. Brighter
and more photo-stabile fluorophores, as well as improved
non-perturbative and specific labeling schemes may be a
prerequisite and the search for both continues [52].
Another important challenge is to find ways to measure
the dynamics of individual metabolites in single cells as
they often act as primary signals for gene regulatory
systems. Beyond this, metabolite concentrations are often
the entity which the cell aims to regulate and a direct
readout of the investment in metabolite pools may therefore be more revealing than that of the enzymes producing them [53]. Although some fast and bright FRET
probes have been developed to this end [54], a wider
range of probes and targets is needed.
Finally, the large amount of hi-resolution data available
from single-cell experiments may be manageable only by
automated analysis tools and intelligible only within the
framework of correspondingly detailed quantitative
models. New challenges therefore arise in how to automate
the analysis of complex data as well as in how to model and
simulate intracellular processes at the right level of detail to
capture their central properties [55]. We should however
remember that the key details may be hidden at spatial and
temporal scales that we do not yet have the tools to explore,
www.sciencedirect.com

in which case quantitative modeling should point the
direction to what remains to be discovered.
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