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6
The Molecular Origins of Signal

Amplification

In this chapter, we use single-cell FRET to investigate the relation between
single-cell and population-averaged responses of the chemotaxis pathway activity.
We consider two types of responses: the time course of kinase activity upon
rapid changes in input ligand concentration (step-response time series) and
the amplitude of kinase activity change as a function of stimulus sizes (dose
response curves). We show that for these nonlinear functions (of time or ligand
concentration, respectively), very similar population-averaged behaviour can result
from very different underlying single-cell responses. When changes in activity
appear gradual (either versus time or ligand concentration) in population averaged
experiments, they may correspond either to truly gradual single-cell responses or to
steep single-cell responses in combination with high variability in the value of the
independent variable (time or ligand concentration) that yields a half-maximum
response. Recently reported population-averaged experiments have identified
genetic mutations that reduce the steepness of population dose response curves.
We confirm that these mutations demonstrate genuine cooperativity defects at the
single-cell level. These data provide new insights for understanding the molecular
mechanisms that underlie signal amplification, a fundamental and widely observed
property of signalling networks. We also describe single-cell experiments with a
chemoreceptor point mutation that results in a dramatically (∼1000 fold) slowed
decay in activity upon stimulation with sub-saturating concentrations of attractant.
The experiments presented in this chapter highlight the potential pitfalls of
ensemble-averaging in measuring intracellular signalling dynamics, and the power
of single-cell FRET in overcoming them.
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6 The Molecular Origins of Signal Amplification

6.1 Introduction

Bacteria such as E. coli navigate spatial chemical gradients by means of a
chemotaxis signal transduction network. This signaling pathway has been widely
studied, and exhibits many interesting network phenomena [216] such as signal
amplification [2], sensory adaptation by integral feedback [3, 233], and fold-
change detection [98]. Because of strong functional similarities between the
behavior of electrical and biological circuits, the study of biological circuits
has greatly benefitted from the analogies of biochemical signalling networks
and electronic circuits, the latter being studied extensively control theory [43,
215, 233]. However, the physical implementation of biochemical networks is
very different from electrical networks. First, electrical circuits are generally
designed to have low variability from device to device, whereas variability in
biological systems can be considerable. Second, because the spatial organisation of
biological systems originates entirely from molecular interactions, cells are able to
dynamically rewire signaling circuits by spatially reorganising these components.
Therefore, understanding signal processing in biological circuits is challanged by
both variability across cells in a population, and within an individual across time.

An example of biological signal processing is the chemoreceptor arrays of the
bacterial chemotaxis pathway, a protein complex consisting of transmembrane
chemoreceptors, kinases and scaffolding molecules [144]. Unlike other well
known large protein complexes, such as the bacterial flagellar motor, the eukary-
otic nuclear pore complex and the mitochondrial complex I (NADH dehydrogenase
in human mitochondria), the number of protein species is limited, but the recurring
hexagonal pattern formed by these components may contain up to thousands of
protein molecules. Despite years of research on chemoreceptor arrays, especially
in model organism E. coli, the molecular mechanisms by which signals are
transmitted throughout the array to achieve the observed signal amplification
remain poorly understood. Signal amplification is an important functional feature
of the pathway that enables bacteria to detect very small changes in chemoeffector
concentrations

Soon after the discovery that chemoreceptors are clustered in the cell mem-
brane [113], it was hypothesised that this spatial arrangement has a functional
role in signal amplification [22]. Since then, many quantitative models of re-
ceptor activity have included receptor-receptor interactions without specifying
the molecular details [85, 123, 215]. Despite the success of these models in
reproducing a wealth of experimental data, until recently there has been no direct
evidence for the role of clustering in signal amplification. Early attempts to
identify genetic mutations that break cooperativity, yielded genotypes defective in
array formation, but all such mutants were also completely defective in signaling
[4], thus precluding tests of cooperativity.

Recent advances in resolving the molecular structure of the chemoreceptor
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Figure 6.1: Genetic mutations in chemosensory array components can reduce
response cooperativity in population-averaged experiments. a) Schematic top view
of chemoreceptor arrays. A single core unit consists of six chemoreceptor dimers
(blue half circles) with one CheA dimer and one CheW scaffolding molecule,
through a connection between CheW and the P5 domain of CheA (interface 1,
black circles). The core unit is shown in connected to other core units (shaded) by
another CheW-CheA-P5 interaction (interface 2, red circles). Mutations CheW-X3
and CheA-V551A are found to reduce the interface 2 binding, which allows for
formation of core units but prevents formation of larger arrays. Image adapted
from [149]. b Schematic side view of chemoreceptor arrays with transmembrane
chemoreceptors and a CheA-CheW baseplate. The mutant Tsr-F396L carries a
point mutation at the receptor tip, close to the CheA-CheW baseplate. Image
adapted from [78]. c Mutants of Tsr and CheA-CheW interface 2 (colors and
symbols as in panel a-b) show lower cooperativity of the cellular response to
serine, compared to Tsr-WT (orange triangles). Measurements are population
averaged results from FRET experiments shown in Figs. 6.4 and 6.5.

array dramatically narrowed the search space for the critical residues responsible
for signal amplification. These studies have revealed that chemoreceptor clusters
are organized as large arrays with a recurring hexagonal geometry ([25, 26, 144],
see Fig. 6.1a). The basic functional unit of such an array —the core complex—
consists of six chemoreceptor dimers, one CheA dimer with two CheW molecules.
Core units are formed though an interaction between the P5 domain of CheA
(see Fig. 1.5c for a the domain structure of CheA) and CheW, and the adjoining
segments of these proteins have been named interface 1. A second interaction, at
segments named interface 2, between CheA-P5 and CheW allows links core units
into larger arrays. By targeting residues in CheW or CheA-P5 that are located in
or close to this interface, it was possible to identify mutations that reduce interface
2 interactions and thus preventing formation of large chemoreceptor arrays [149].
Unlinked core units in interface 2 mutants maintain there ability to respond to
attractant stimuli, but with very low cooperativity (Fig. 6.1c).

Amino acid replacements at a highly conserved phenylalanine residue in the
receptor tip (F396 in Tsr, Fig. 6.1b) impair chemotaxis performance on soft agar
plates [141] and some replacements at this site also reduce response cooperativity
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6 The Molecular Origins of Signal Amplification

in FRET kinase assays (J.S. Parkinson, personal communication, and see Fig. 6.1c)
while retaining approximately equivalent steady-state activity level to wild-type
chemoreceptors.

Structural studies of this large protein complex tend to focus on the
static molecular configurations, because the highest resolution techniques to
study chemoreceptor arrays, most notably X-ray crystallography and electron
microscopy, only provide snapshots in time of the chemoreceptor array structure.
However, because function follows structure, the dynamic properties of signalling
complexes are important for signalling dynamics within array complexes. This
idea has led to suggestions that the stability of the chemoreceptor cluster
might change upon ligand stimulation, a controversial issue in the field with
conflicting evidence. Biochemical in vitro data indicated that receptor clusters
are "ultrastable" over time [60], and diffraction-limited fluorescence microscopy
indicated there is no large-scale reorganisation of clusters upon ligand stimulation
[23, 106]. The vast majority of in vivo (population) FRET data [123, 183] are
satisfactorily described by models that assume a fixed receptor array size and
configuration. However, studies using immunostaining indicated that large
clusters decrease in size upon stimulation [232]. Also recent population FRET
data indicated a slow-timescale reorganisation of chemoreceptor arrays upon
ligand stimulation [64]. Hence further measurements that specifically include
information on the dynamics of signal processing might tell us how signals
progress through the chemoreceptor arrays and how ligand stimulation influences
array output and structure. While FRET microscopy does not have a very high
spatial resolution compared to many other imaging techniques, but unlike these
techniques with high spatial resolution it’s temporal resolution is high.

6.2 The necessity of single-cell measurement
techniques

Population-averaged FRET has been highly successful in facilitating high-
throughput measurements of the activity of both wild-type chemoreceptor arrays
as well as mutants with altered arrays [64, 149, 193], but the problem with
population averaged measurements such as shown in Fig. 6.1b is that these
measurements average the signal over hundreds of cells. Generally, when
measuring non-linear functions such as the sigmodal shaped dose response
curve of chemoreceptor activity versus ligand concentration, the average of the
responses can be different from the response average. Mathematically, this is a
consequence of Jensen’s inequality. In the context of stochastic variables, this can
be formulated as

f (E(X )) 6= E[ f (X )] (6.1)
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6.3 Cooperativity defects in single-cell ligand sensing

in which X is a random variable, E the expectancy value and f is a function. If
f is convex, the inequality sign can be replaced with ≤ and if f is concave, it
becomes ≥. For our purposes, the main point illustrated by Jensen’s inequality
is that single-cell measurements are not only relevant for providing error bars. If
one considers a biological network as a set of transfer functions ( f , g , and so on)
that map the molecular input to the phenotypic output, signal propagation through
such a network can then potentially be described as a series of nested transfer
functions ( f [g [h[X ]]]). If X is a deterministic variable calculating the output
is relatively straightforward. However, in case X is stochastic, calculating the
expectancy value is more complicated. It may seem tempting to ignore variability,
perform the calculation as if X is deterministic and finally just acknowledge
that there probably is some variability in calculation result because of error
propagation. If all functions are linear, or deviations of linearity are small, this
works well. However, when one starts averaging nonlinear functions this becomes
a sin which cannot be simply patched by adding error bars, since the expected
value depends on the entire distribution. It is in these circumstances that single-cell
experiments are most important. This effect is nicely illustrated by a recent study
of bacteria swimming up a chemical gradient using run-and-tumble motion [225],
a performance measure which depends (non-linearly) on the phenotypical trait
of the fraction of time spent tumbling. Consequently, the performance of the
average phenotype is lower than the average performance, because there were
some individuals that were able to climb the gradient much faster than the rest of
the population.

In the case of dose response curves, the difference between population-
averaged and single-cell responses is illustrated in Fig. 6.2, in which three
examples single-cell dose response ensembles that give rise to indistinguishable
population dose response curves are shown. Dose response curves can often be
described well by a hill curve, [1+ ([L]/K )H ]−1, where the parameters (1/K ) and
H are defined as the sensitivity and steepness. A high cell-to-cell variability in the
sensitivity (or half-maximum value) K can manifest itself as being low-cooperative
despite a large fraction of the population having steep responses. Hence genotypes
that appear to have a cooperativity defect, such as the interface 2 mutants, might
or might not show a cooperativity defect on the single cell level. The only way to
discriminate between these two possibilities to measure dose response curves on
the single cell level.

6.3 Cooperativity defects in single-cell ligand
sensing

FRET between of fluorescent fusions to CheZ and CheY is proportional to the
dephosphorylation rate of CheY-P by CheZ. On timescales longer than the CheY-P
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Figure 6.2: Schematic illustration of three contrasting distributions of single-cell
dose-responses (gray) that lead to identical population-averaged dose response
curves (red). In cases where both the sensitivity (K ) and steepness (H) of single-
cell dose response curves are nearly uniform across the populatoin (right), the
ensemble averaged reflects well the single-cell phenotype. But if either K (left)
or both K and H vary strongly across the population, the steepness of ensemble-
averaged Hill curves will underestimate the true steepness of the underlying
single-cell responses (Jensen’s inequality).

lifetime (∼ 100 ms), this rate is equal to the production rate of CheY-P by the
kinase CheA in the chemosensory arrays, which is in turn controlled by ligand-
receptor binding. In many cases, a convenient measure of kinase activity a, is
to normalize the FRET level by the maximum FRET level. This activity can be
interpreted as the fraction of active kinases or the fraction of time the kinases
are active during a time interval. By monitoring the activity at different ligand
concentrations, a dose-response curve can be constructed which describes how
the activity depends on extracellular ligand concentration. Previous dose response
curves were obtained by integrating the fluorescence signal from a dense layer
containing hundreds of cells, but by using image segmentation on sparse samples
the FRET level can be obtained for single bacteria. All measurements described
in this chapter were performed in a background where the genes responsible for
adaptation, cheR and cheB, are deleted. This fixes the modification level of the
chemoreceptors and hence should reduce the cell-to-cell variability. Also, the
steady-state activity level of Tsr in its native methylation state (QEQEE) is close
to 1, which greatly benefits signal-to-noise in these experiments. We measured
single-cell dose response curves on one of the population-average cooperativity
defect strains, CheW-X3, expressing only the chemoreceptor Tsr, by exposing
them to a series of stimuli of serine (Fig 6.3b). From the single-cell FRET
time series, a dose response curve is calculated and fitted with a Hill function
(Fig 6.3b). The vast majority of cells could be properly fit with a Hill function
and look qualitatively similar to the population-averaged time series, although
the parameters required for a good fit vary from cell to cell. We find values
of H = 1.5± 0.5 (mean and standard deviation) and K =5.7 ± 1.8 (geometric
mean and standard deviation). When comparing the Hill curves for the CheW-X3
mutant with wild-type cells (Tsr in UU2567, H = 24±13, K = 20±2), there is a
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Figure 6.3: Single-cell FRET can be used to measure dose response curves of
single cells. (a) ligand stimulation protocol for typical dose response experiment.
(b) Activity time series of 86 of 93 single cells (grey), expressing CheW-X3
in CheRB- background with Tsr as the only chemoreceptor and measured by
single-cell FRET. The population-averaged signal is superimposed (purple). Each
single-cell time series is normalized by its maximum FRET level before the first
stimulus. (c) Representative fits of Hill curves to activity data measured by FRET.
Error bars are standard error of the mean obtained from the fluctuation of the
FRET ratio over a time window, in which each of the ≈ 20 measurement points
per stimulus is an independent measurement.

dramatic decrease in the single-cell steepnesses (Fig. 6.4). Also experiments and
fits to cells expressing CheA-V551A (H = 2.6±1.4, K = 15±6), another interface
2 mutant, and Tsr-F396Y (H = 1.65±0.4, K = 109±33), another cooperativity
defect suspect, showed a decrease in cooperativity at the single-cell level. Hence
in all these mutants, the Hill curve parameters from the population averaged time
series fit agree well with the average single-cell parameters.

A low Hill coefficient measured with FRET at the population level does
not necessarily imply a low Hill coefficient at the single-cell level. As a proof
of principle, we engineered an ensemble of cells with large spread in ligand
sensitivities. It has been shown that the sensitivity of the receptors can be tuned
artificially by exploiting the fact that replacing one of four specific glutamic acid
(E) modification residues with glutamate (Q) reduces the sensitivity to ligand,
mimicking the CheR-mediated methylation (Em) of the residue [72, 183]. We
used this to generate cells with modification states {QEQE,QQQQ,QEmQEm},
in which the extremes of the sensitivity are three orders of magnitude apart. We
measured this mixture (Fig. 6.5a) and found that the response of the population
seemed very shallow (Hpop = 0.8) but the single cells show a highly cooperative
response (H = 9.8±9.9, K = 99±225). In this case, inferring single-cell responses
from an ensemble average without prior knowledge of the ensemble is impossible.
This problem is not limited to mixed batches but can also occur in isogenic popu-
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Figure 6.4: Family of dose response curves obtained from Hill curve fits to single
cell FRET timeseries responding to L-serine reveal low cell-cell variation. (a)
Tsr-WT (Tsr in UU2567, 103 cells) (b) Tsr-F396Y (in UU2567, 81 cells) (c)
Family of dose response curves obtained from CheA V551A mutant cells (Tsr in
UU2933, 42 cells). (d) CheWX3 mutant cells (Tsr in UU2869, 89 cells).

lations. In cells expressing a truncated version of CheB, in tsr cheB background
(Fig. 6.5b), the response of a group of cells also was very shallow (Hpop = 1.13)
but the single cells showed a range of sensitivities with both steep and shallow
responses (H = 1.9±2.6, K = 42±67). The average single-cell value for K agrees
very well with the population average, but the steepness of the response H is
underestimated in single-cell experiments.

While some mutations clearly affect the cooperativity on the single cell level,
and others may not, all experimental results show variability in the estimated
sensitivity (1/K ) and steepness H . In single-cell FRET experiments the single-cell
information is obtained at a cost of signal to noise in compared to population-
averaged experiments. Hence the obtained distributions for the fit parameters are
likely to have a contribution from experimental noise. To estimate the level of
variability due to experimental noise we generated artificial FRET time series to
which we applied our dose response analysis. We assumed all cells have identical
dose response curves with parameters equal to the estimates obtained for the
population-averaged time series. We then add gaussian white noise to each of the
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Figure 6.5: Family of dose response curves obtained from Hill curve fits to single
cell FRET timeseries responding to MeAsp reveal large cell-cell variation (a)
but for mutant cells expressing CheBc in a tsr tap cheB background (31 cells).
(b) As in (a) but a mixture of three tsr tap (cheR) cheB strains with Tar-receptor
modification fixed by mutations to QEQE,QQQQ,QEmQEm and grown separately
(33 cells).

cells and fit a Hill function to the simulated data. The noise amplitude is chosen
such to approximate the averaged mean squared error [MSE] of the simulated
data fit to the average MSE of the single-cell data. The results of the simulation
(Fig. 6.6) show that in the cooperativity defect mutants, the observed cell-to-cell
variability is dominated by experimental noise. For the Hill curve steepness H it
seems that all variability is explained by experimental error, while variability in
the K exceeds variability expected by experimental noise. Also in the experiment
with CheBc and the experiment with mixed strains there is a contribution of
experimental noise, but the steepnesses obtained cannot be explained exclusively
by shot noise.

6.4 Signalling response dynamics of chemore-
ceptor arrays

Some of the F396 mutants did not reveal a defect in cooperativity, but showed a
slow temporal response to ligand in population averaged experiments. F396W in
its natural QEQEE configuration is locked in an ON-state, meaning that the kinase
activity is always active and not sensitive to ligand stimuli. However, measuring
cells with Tsr-F396W in QEEEE configuration shifted the sensitivity down, to ±
300 µM. The dose response parameters (H=5.4, K =0.3 mM) indicated a decreased
cooperativity compared to wild-type, but still much higher than the cooperativity
defect mutants. Surprisingly, the response to sub-saturating stimuli was very
slow while removing the same stimulus showed response timescale comparable to
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Figure 6.6: Comparison between measured and simulated data reveals the
influence of experimental noise on fit parameters. For each single-cell FRET
experiment, a simulated dataset was generated with the same parameters as the
population-averaged dose response curve. To each of the simulated responses
experimental white noise was added, and fit to a Hill function. Shown are scatter
plots (square panels) and distributions (rectangular panels above and to the right
of each square panel) of Hill fit parameters K and H from both experimental
and simulated data. Colored points and lines indicate results for measurement
data, gray lines and points are from a simulated data in which gaussian white
noise is added to a dose response curve with parameters obtained from a fit to
data on the population averaged time series (see main text, §6.3). Experimental
data with a mse exceeding a determined threshold of 0.1 are removed from the
analysis. (a) Tsr-WT (UU2567/pPA114), 103/108 cells (b) Tsr-F396Y, 81/84
cells (c) CheW-X3, 89/93 cells (d), CheA-V551A, 77/120 cells (e), CheBc in tsr
tap cheB background (VS140), 64/141 cells (f) and the mixing experiment, 33/41
cells
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6.4 Signalling response dynamics of chemoreceptor arrays

wild-type. Interestingly, measuring in CheW-X3 background [149], preventing
large array formation, the slow timescale disappeared (J.S. Parkinson, personal
communication). These phenomena may reveal new insights on how the signal is
propagated between core units of the chemosensory arrays influence the signal
processing: since the discovery of chemoreceptor array core units, the question
has emerged how the signal is transduced from one core unit to another. While
virtually all experiments on chemoreceptor arrays have been concerned with static
signalling parameters of the ligand response (such as dose response parameters),
with temporal dynamics originating only by adaptation, studying the response
dynamics (e.g. rate of change in activity) could provide important information on
the mechanism of signal transduction. However, as is the case for the experiments
described above, many population-averaged experiments average out single-cell
dynamic responses. In analogy to the relation between population average and
single cell dose response curves (Fig 6.2, only here considering activity as a
function of time instead of ligand concentration) one can ask if this slow decay
of cells expressing Tsr-F396W is a single cell property, or that the activity of a
single cell decays rapidly with a delay which is variable from cell to cell.

6.4.1 Tsr mutant exhibits slow response to ligand stimuli
With population FRET, we observed the decay of cells expressing only the
chemoreceptors Tsr-WT or the mutant Tsr-F396W from an inducable plasmid in
CheRB- background (UU2567) and found that the response to an intermediate
stimulus is slow (Fig. 6.7). A population of cells expressing F396W responded,
defined as the time to reach half maximum of the response, in 200 s to a
subsaturating stimulus, while responding to a saturated stimulus in 15 s. Tsr-
WT cells responded in 80 and 10 s, respectively. Surprisingly, the response time of
cells expressing Tsr-WT was still significantly longer than one would expect based
on the finite exchange time of ligand in the flow cell. The latter was calculated by
approximating the exchange dynamics of the flow cell by a fluorescence dye at a
flow speed of 600 µL/min [64]with a sigmodial curve, and a estimate of a dose
response curve with K =30 µM and H=5 (conservative estimate) for the cells. The
timescale of the Tsr-WT cells is also large compared to the saturating stimulus.
This raises the question wether the slow timescales of Tsr-F396W and Tsr-WT
are related, or that there are qualitatively different mechanisms underlying this
quantitative difference. One possibility is that the population-averaged response
looks very similar, while the single-cell responses are very different. Hence we
measured both genotypes with single-cell FRET, we can measure the single-cell
responses as a function of time and try to see if the similarity in slow responses of
Tsr-WT and Tsr-F396W also exists on the single-cell level.
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Figure 6.7: Population FRET timeseries on cells expressing Tsr-WT (blue) and
Tsr-F396W (red) shows slow responses of kinase activity upon stimulation with
attractant. (a) Response to sub-saturating stimuli, namely 20 uM (WT) and 300
uM (F39W). b Response to saturating stimili (both 10 mM Ser). Dashed line
represents an estimation of the minimal cellular response time based on finite
ligand exchange time in the flow-cell. Inset: same graph but with Tsr-F396W
(red) response scaled to compare the decay shape with Tsr-WT (blue).

6.4.2 Individual Tsr-F396W cells respond slowly to ligand
stimuli

When measuring the response of Tsr-WT cells (UU2567), as described in chapter 5,
to prolonged stimulation with a subsaturating stimulus, we found that while the
activity level of the population-averaged time series during the stimulus was stable,
the single-cell time series showed large, often step-like fluctuations in time. We
interpreted these step-like fluctuations as stochastic switchings of large and highly
cooperative chemoreceptor arrays, between discrete states whose equilibrium
probabilities are affected by ligand. In the first few hundred seconds after the
stimulus is initiated (Fig. 6.8), we observed that some Tsr-WT cells do not respond,
some respond immediately, and some respond with a delay. For the majority of
the cells respondng with a delay, the slope of the temporal change in activity was
much steeper than the slope response of the population-averaged time series. This
raises the question if the Tsr-F396W has similar stochasticity in the timing of
single-cell responses.

However, we measured the response of single-cells expressing Tsr-F396W
to an intermediate and saturating ligand stimulus with single-cell FRET and
found that individual time series seemed to behave qualitatively similarly to the
population average (Fig. 6.9a), and large step-like fluctuations were absent. The
population averaged decay looks approximately as a straight line on a log-linear
or linear-log scale (Fig. 6.9b-c).

We chose to quantify the variability between cells by fitting the decay in the
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WT cells responding to a 20 µM serine
stimulus shows fast activity decay in single
cells. (Top panel) Population averaged time
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(dashed black curve). (Bottom panels) Raw
single-cell time series of 9/41 cells (black)
from a representative experiment with a low-
pass filtered time series with a time window
of 7s superimposed (red)

individual time series to exponential decay functions. The response to a sub-
saturating stimulus can be well fitted wit a single exponential function for each
cell i

ai (t ) = exp [−t/τi ]+ac,i (6.2)

in which the decay timescale is τi and the activity levels at ac,i . The fit is
constrained such that τ and ac,i are non-negative. For saturating stimuli, some
cells were more properly fit by a double exponential function

ai (t ) =βi exp
[−t/τ f ,i

]+γi exp
[−t/τs,i

]
(6.3)

in which the τ f ,i and τs,i timescales are the fast and slow timescales, respectively.
If they differ by less then two-fold, they are averaged to give a single timescale τ f ,i ,
effectively collapsing to a single exponential fit. Several representative single-cell
time series and corresponding fits are shown in Fig. 6.10.

From the estimates of τi , τ f ,i and τs,i obtained by fitting we can construct a
family of curves representing response time series ensemble (Fig. 6.11), which
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Figure 6.9: Single-cell FRET experiment on Tsr-F396W cells. (a) (top panel)
Ligand exposure protocol. Cells are exposed to buffer (white), an intermediate
stimulus of 300 µM (grey) and saturating stimulus of 10 mM (black). (bottom
panel) FRET time series of 55 single cells (24s average filtered, grey) and
population averaged time series (red). (b) Population-averaged response to 300
µM stimulus on logarithmic time axis. (c) Population-averaged response to 300
µM stimulus on logarithmic activity axis.

shows large variability from cell to cell in both the intermediate stimulus and
saturating stimulus from a single experiment. In total, we found the average
response time of F396W cells to an intermediate serine stimulus (300 µM),
〈τi 〉, to be 339 ± 348 s. For a saturating stimulus (10 mM), the short and fast
timescales,〈τs,i 〉 and 〈τ f ,i 〉, are found to be 151 ±128 and 16±20 s. On average
78 % of the response amplitude was given by the fast timescale. When performing
similar fits to wildtype cells (Tsr in UU2567), we find for a saturating stimulus
51±33 and 8±17 as slow and fast timescales, respectively. The distributions of the
timescales (Fig 6.12) clearly show differences timescale between conditions and
strains, but that there is variability in each condition, that is in each case around
one standard deviation from the mean.

Both the subsaturating stimulus as well as the saturating stimulus responses
have a slow timescale component, and we wondered if these are related. The
mean of these timescales is clearly different if one averages over many cells, but
we wondered if these two quantities might be related on the single cell level.
However, the correlation between the subsaturating response timescales τi and
saturating response timescale τs , i (Fig. 6.13a) was not significant (ρ=0.05 ± 0.18,
in which the uncertainty is calculated from bootstrapping). This indicates that
the slow response to large stimuli is different in origin to the slow response to
intermediate stimuli. While a slow response to large stimuli has been observed
in Tar chemoreceptors [64], we note that the Tar chemoreptors can be stimulated
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Figure 6.10: FRET decay upon stimulation in F396W are well described by
exponential decay functions. (top panel) Ligand exposure protocol. Cells are
exposed to buffer (white), an intermediate stimulus of 300 µ (grey) and saturating
stimulus of 10 mM (black). (bottom panels) Shown are six representative single
cell time series from a single experiment, in which the raw time series (grey)
is shown together with 5s moving average filter (red). The response to the sub-
saturating stimulus is fitted with a single exponential (yellow) and the saturating
stimulus response is fitted to a double exponential, both to the single cell raw time
series.

by a αmethyl-aspartate [MeAsp], a non-metabolizable homolog of aspartate, we
use serine to stimulate the Tsr receptors, which could induce metabolic changes
that affect kinase activity on longer timescales. A non-metabolizable analog of
L-serine, α-aminoisobutyrate [AmBu], has been reported [125], but in FRET
experiments with cells expressing Tsr-WT we could not observe an attractant
responses to AmBu up to concentrations of 10 mM (data not shown).

What determines the variability in timescales? We wondered if this timescale
would depend on the activity level the cell reaches during the stimulus, since the
response to sub-saturating and saturating stimuli implies that this plays an impor-
tant role. When we inspected the correlation between the extrapolated steady-state
activity level from the fit (ac,i ), the correlation is weak but significantly negative
(ρ=-0.25 ±0.18). However, when we normalized the response to the sub-saturating
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Figure 6.11: Family of response time series obtained from fit to single cell FRET
time series (55 cells, grey) from a single experiment together with the fit to the
population average (red) show variability in single-cell responses. (a) Family
of response curves to the sub-saturating response. (b) Family of responses for
sub-saturating response, each time series normalized to the response amplitude
measured at the time of stimulus removal. (c) Family of responses to and saturating
stimulus.
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Figure 6.12: Histograms of response timescales of cells expressing Tsr F396W
(141 cells from 3 independent experiments) and Tsr-WT (37 cells, 1 experiment)
to sub- and saturating stimuli of L-serine, obtained from single and double
exponential fits to the single cell FRET timeseries. (a) Timescale τ as the response
to sub-saturating (300 µM Ser) stimulus of Tsr-F396W cells. (b) fraction of fast
timescale amplitude in double exponential fit for Tsr-F396W cells responding
to a saturating stimulus. (c) Slow timescale τs ) from double exponential fit to
96 cells expressing Tsr-F396W response to saturating (10 mM Ser) stimulus.
In 45 cells there was no slow timescale present. (d) Fast timescale τ f from
double exponential fit to F396W response to saturating (10 mM Ser) stimulus. (e)
Slow timescale τs from double exponential fit to 25/37 Tsr-WT cells response
to saturating (10 mM Ser) stimulus. For 12/37 cells there was no slow timescale.
(f) Fast timescale τ f ) from double exponential fit to 37 Tsr-WT cells response to
saturating (10 mM Ser) stimulus.
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Figure 6.13: Correlations between parameters in F396W response. (a)
Correlations between the response timescale of intermediate stimulus τ and
slow response timescale to saturating stimulus τs of 81 cells. ρ=0.05 ± 0.18,
in which the latter number represents the 95% confidence interval obtained
from bootstrapping. (b) Correlations between the activity before removing the
subsaturating stimulus (grey), or extrapolated from the fit (red), and the response
timescale of intermediate stimulus τ for 125 cells. Cells with a response timescale
larger than the stimulus duration (800s) were excluded.The correlation coefficient
is calculated for the extrapolated activity data, ρ=-0.25 ±0.17

stimulus time series of each cell to its response amplitude the variability seems
much lower (Fig. 6.11b).

While the activity response to stimuli in time can be well described by
exponential decay, we also noted linearity of the activity versus logarithmic
time. Logorathmic time dynamics have been observed in a homo-FRET study,
in which the receptor packing is measured in a population of cells [64]. This
study found that the receptor packing decays linearly with the logarithm of
time. Single-cell FRET time series of kinase activity observe that if each curve
is normalized to its response amplitude to the intermediate 300 µM stimulus,
variability decreases, although not each single-cell time series falls on this curve
(Fig. 6.14). This suggests that the main variability in the response to intermediate
stimuli is determined by its response amplitude, presumably caused by cell-cell
variability in the half-maximum responses of cells, and the response shape is
actually quite similar, but with some additional variability. Furthermore, the low
variability in response dynamics independent from response amplitudes, agrees
with the low variability in the receptor packing response of different populations
responding to different stimulus sizes. This implies the activity decay in Tsr-
F396W is slow because it is limited by large arrays breaking apart, and this
is consistent with the observation the slow timescale disappears in CheW-X3
background (JS Parkinson, personal communication).
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Figure 6.14: Single-cell responses to a sub-saturating stimulus and normalized to
response amplitude and plotted versus logarithmic time show reduced variability.
FRET time series on a logarithmic time axis, of single cells expressing Tsr-F396W
responding to 300 µM stimulus and each normalized by the response amplitude
of each cell. In total 52/59 cells are shown (grey) with 9 cells highlighted (colored
curves). Time series are low-pass filtered with a window size of 15 s. Cells with a
small response were removed from the analysis.

6.5 Discussion

With single-cell FRET, we have been able to measure single cell responses of
kinase activity to extracellular attractant concentrations, both changes in activity
over time as well as equilbrium activity levels for different concentrations of
attractant.

6.5.1 Cooperativity defects in dose response curves
We measured dose response curves of single cells and thereby confirmed the single-
cell cooperativity defects in two of the CheA-CheW interface 2 mutants, as well as
one Tsr-F396 mutant. The cell-to-cell variability in the dose response parameters
(K and H) is lower than the precision which these parameters can be determined
given experimental noise, indicating that the population-averaged results are
representative of single cell behavior. This raises two related questions. The first
is whether these experimental results on single-cells could have been somehow
predicted by the population averaged response, and the second if we can extrap-
olate these results on the dose response curves to any other genotype exhibiting
low cooperativity in population-averaged experiments. The cell to cell variabilty
in K for Tsr-WT cells is relatively low, with a geometric coefficient of variance,

given as the geometric coefficient of variance CVgeo =
√

exp
[
s[ln x]2

]−1, with
s[x] the standard deviation, of 0.14. Cells expressing all five chemoreceptors show
much higher variability ( CVgeo ≈ 0.49), which is mostly determined by cell to cell
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variability in Tar/Tsr ratio due to stochastic gene expression (see Chapter 3). In the
case of a single receptor species, the variability cannot be explained by variability
in chemoreceptor species but in our experiments, is dominated by experimental
noise. How likely is it that the cooperativity defects can be explained only by
cell-to-cell variability in K ? If one assumes a single-cell Hill curve coefficient H
of 20 (the average value for H in Tsr-WT cells) and a log-normal distributed K ,
this requires a CVgeo of 0.9 to generate a population Hill curve similar to CheA-
V551A (≈ 2.5), or 1.5 to be similar to CheW-X3 or Tsr-F396Y (≈ 1.4). Though
not impossible, these noise levels are higher than typically found in stochastic
gene expression, since stochastic gene expression CV’s for highly expressed level
proteins typically do not exceed 0.3 [202]. Hence based on estimates of the
variability of dose-response parameters, it seems unlikely that the decrease in
cooperativity at the population level can be completely explained by cell-to-cell
variability in population, but single-cell experiments are still required to establish
that the average single-cell hill curve steepness in the cooperativity defective
mutants is close to the population-averaged value. In general, unless there is for
an additional noise generating or amplification mechanism, it is quite reasonable
to expect that cooperativity defect mutants with similar (population) cooperativity
defects as measured here also show a defect at the single-cell level.

Evidence from cluster-imaging and crosslinking experiments suggest that the
mechanism by which the interface 2 mutants disrupt cooperativity on the single cell
level is by prevention of large cluster formations. The mechanism of decreased
cooperativity of Tsr-F396Y is not known, but preliminary experiments with
fluorescently labeled Tsr-F396Y chemoreceptors indicate that cluster formation
is also defective in these cells (K. Scherer, personal communication), which is
perhaps not surprizing given the location of the mutation, close to the CheA-
CheW baseplate. Therefore, we assume that the confirmation of a single-cell
cooperativity defect because of impaired clustering extends to other mutations
that show impaired clustering, but have not been measured on the single cell level
(such as interface 2 mutants CheA-L545S and CheA-Y558G [149]). However, for
other mutations with lower population-cooperativity at residues located far away
from the CheA-CheW baseplate it is less clear how they would disrupt clustering,
and it would be interesting to see if they have intact clusters. If a cooperativity
mutant demonstrates additional phenotypes indicative of a different mechanism
for low cooperativity, for example intact clusters in combination with reduced
cooperativity, this would be a good candidate for further testing with single-cell
FRET.

By far the largest variability in K we found in an isogenic population was
in cells expressing CheBc intsr tap cheB background (CVgeo=2). We found
that cells expressing phosphorylation defective mutants (like CheBc) in wildtype
background (VS124) have larger variability in steady-state kinase activity (see
chapter 3). Both the steady-state activity level and K are determined by the
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receptor methylation state. Since CheR and CheB work close to saturation,
the steady-state methylation state becomes ultransensitive to variability in the
CheR/CheB ratio and hence amplifies noise orginating from stochastic gene
expression, leading to considerable cell-cell variability in steady-state activity
(CV ≈ 1). Hence the variability in single-cell dose response curve parameters K
and H is likely caused by the lack of phosphorylation feedback.

Many open questions remain on the nature of signal amplification in chemosen-
sory arrays. It is still impossible to predict the cooperativity of the cellular response
from only the structure. In cells with only core units (CheAW interface 2 mutants),
one could expect the cooperativity to be as high as 6 (one receptor binding pocket
per dimer). Similarly, cells with intact chemoreceptor arrays can have Hill curve
coefficients that are much higher. Although in other dose response experiments
we do see that Hill curve coefficients can be high (see Chapter 3), as is also
suggested by observed two-state switching (see chapter 5), it seems plausible that
the cooperativity has an upper limit that is lower than the number of units in the
array. Of course, there are few examples in biology where cooperativity can be
directly inferred from the structure of the reaction components. Even in the classic
example of cooperativity, the binding of oxygen to haemoglobin, there is not a
clear relation between the number of binding sites (4) and observed Hill curve
steepness (1.5-3.2) [227], although the difference between upper limit and actual
value of the hill curve steepness is less than in the case of the chemoreceptor
arrays.

6.5.2 Measurements of slow activity decay
In addition to measurements of equilibrium activity levels as a function of ligand
concentrations, we have also studied the activity decay time in response to stimuli.
In cells expressing Tsr-F396W we have observed a slow decay in kinase activity
upon stimulation with a saturating stimulus, while stimulating with a saturating
stimulus resulted in a fast response. In Tsr+ cells we have observed a qualitatively
similar but much smaller effect on the population level, while single-cell responses
were generally rapid and fluctuating. We did not observe any fluctuations or rapid
decrease in Tsr-F396W cells. Hence thanks to single-cell resolution we are able
to distinguish the two different forms of decay. If we interpret the slow decay as
receptor clusters breaking apart into smaller units, which is consistent with the
observation that the slow timescale disappears in CheW-X3 background, as well
as with a previous observation (with Tar receptors) that clusters fall apart after
prolonged stimulation (F. Anquez and J. Solari, personal communication).

The origin of the cell-to-cell variability in response timescales for Tsr-F396W
in the decay timescale remains to be identified, while this variability in timescales
seems to be connected to the response amplitude to an intermediate stimulus. If
the interpretation that the decay of activity is caused by large chemoreceptor arrays
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breaking apart, one potential cause of cell-to-cell variability is the cluster size
distribution. Cells with many large clusters might require more time for cluster
dispersal. Alternatively, there is the possibility that within the chemoreceptor array
structures there can be structural defects that differ from cell to cell. (e.g. some
core units are closer connected than others). Some of these differences might be
attributed to different expression level ratios of components of the chemoreceptor
array.

Finally, the experiments in this chapter confirm the importance of the formation
of large chemoreceptor array for signal amplification, and also reveal a crucial
role of the array formation in the activity response timescale. These experiments
further establish single-cell FRET as a quantitative in vivo measurement technique
that can discriminate different ligand sensing phenotypes which are unresolved in
ensemble-averaged experiments.

6.6 Methods

The experiments in this chapter were generally performed as described in chapter 2,
which includes a list of the strains and plasmids used in this study (§2.4). For all
single-cell FRET experiments in this chapter, cells were immobilised with anti-
FliC antibodies (a gift from Howard Berg). Interface 2 mutants were expressed
from the chromosome (strains constructed by G. Pin̋as), Tsr chemoreceptor was
expressed from pPA114 plasmid with 0.6 µM NaSal induction). In all experiments
concerning F396W, the Tsr is in the EEQEE modification state, while Tsr-WT
was always in its native QEQEE state. FRET plasmid was pSJAB106 and induced
with 50 µM IPTG.

This chapter was the result of a collaboration with J.S. Parkinson and G. Pin̋as
(University of Utah, USA) and we thank both for materials, sharing experimental
data and discussions, and we thank J.S. Parkinson for a critical reading of this
chapter. We thank Simone Boskamp for cell culture and Francesca van Tartwijk
for the FRET measurements on Tsr-F396W .

To compare our results with previous experiments we always stimulate the
cells with a large (10 mM serine) stimulus before or at the start of each experiment.
If no stimulus is given, population-averaged FRET results indicated that the
response to the first and second large stimulus in F396W were not identical,
shifting the sensitivity to serine of the population down from ≈ 3 mM to ≈0.3
mM.
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