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Abstract

During bacterial growth, a cell approximately doubles in size prior to division, upon which it splits
into two daughter cells. This process is subjected to the inherent perturbations of cellular noisel-2
and thus requires regulation for cell-size homeostasis. The mechanisms underlying cell-size
control and their dynamics consequences remain poorly understood due to the difficulty in sizing
individual bacteria over long periods of time in a high-throughput manner. Here, we measured and
analyzed long-term, single-cell growth and division across different Escherichia coli strains and
growth conditions3. We found that a subset of cells in a population exhibited transient oscillations
in cell size with periods that stretch across multiple (>10) generations. Our analysis revealed that a
simple law governing cell size control — a noisy linear map — explains the origins of these cell-size
oscillations across all strains. This noisy linear map implements a negative feedback on cell-size
control: a cell with a larger initial size tends to divide earlier, whereas one with a smaller initial
size tends to divide later. Combining simulations of cell growth and division with experimental
data, we demonstrate that this noisy linear map generates transient oscillations, not just in cell
size, but also in constitutive gene expression. Our work provides new insights into the dynamics of
bacterial cell-size regulation with implications for the physiological processes involved.

We used a “mother machine” microfluidic device3 and time-lapse microscopy to monitor
long-term cell-size dynamics in E. coli at the single-cell level. The device enables the
measurement of cell size and gene expression for hundreds of £. co/i mother lineages over

1Correspondence should be addressed to: L.Y. (you@duke.edu).

These authors contributed equally to this work
Author contributions
YT conceived the research, designed and performed both modeling and experimental analyses, interpreted the results, and wrote the
manuscript. AP conceived the research, designed and performed experimental analyses, interpreted the results, and wrote the
manuscript. HP designed and performed, experimental analyses, interpreted the results. SH fabricated the microfluidic device and
performed experiments. RS developed the software for image analysis. NEB assisted in data interpretation and manuscript revisions.
LY conceived the research, assisted in research design and data interpretation, and wrote the manuscript. All authors approved the
manuscript.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Tanouchi et al.

Page 2

thousands of minutes3 and also allows continuous medium infusion to maintain balanced
growth. We first analyzed temporal dynamics of the initial cell size (cell size at birth, or L))
by computing its autocorrelation function (ACF). To our initial surprise, some lineages of
mother cells (30-40%) exhibited long-term oscillations in cell size whose period could be
longer than 10 generations. These oscillations were masked when averaged across the
ensemble of all mother lineages (Fig. 1). The periods of these oscillations were variable
across lineages. For example, the period was about eight generations in one lineage (Fig. 1b)
but about 16 generations in another (Fig. 1c).

How might these long-term oscillations emerge, why do they have variable periods, and why
do they only occur in a subset of cell lineages? At a fundamental level, oscillations require
negative feedback. If so, what might constitute this negative feedback in our system? We
reasoned that negative feedback emerged from cell-size control: to maintain an average cell
size over generations, a cell may sense its size and adjust either its growth rate (in biomass
accumulation) during a cycle, the length of the cell cycle, or both. Such a control mechanism
could provide the required negative feedback.

To test this notion, we measured various growth-related parameters (Fig. 1d) as a function of
the initial cell size (Fig. 1e and Extended Data Fig. 1). We found that the final cell size (cell
size before division, or Lg) could be described, on average, by a linear function of the initial
cell size, Lg= aL;+ b (Fig. 1e). The slope of this linear function (a= 0.871) was < 2, which
reflects negative-feedback control of cell size. We verified that this linear function also holds
for different growth conditions (27°C and 25°C) and two other E. coli strains (MG1655 and
B/r; data sets from a previous study3) (Extended Data Fig. 2). Our data showed that both the
division ratio (/) and growth rate (4) were relatively independent of initial size (Extended
Data Fig. 1a, b). However, the doubling time ( 7) was negatively correlated with the initial
size (Extended Data Fig. 1c), providing the basis for the negative-feedback control. That is, a
mother cell with smaller initial size tended to grow for a longer duration than the average; a
mother cell with a larger initial size tended to grow for a shorter duration than the average.
Recent studies*=® examining cell-size homeostasis in bacteria also reported this observation
of modulation of division time.

Based on our observation of a linear relationship between L, and Lz we examined the extent
to which a simple autoregressive model with noise might explain our experimentally
observed data:

L, (nt+1)=(aL, (n)+b+n)/2. Eq1

Here, L,;(n) is the initial size at generation 77, and 7 is Gaussian white noise, representing the
scatter around the linear regression line in Fig. 1e. Using this “noisy linear map” between
the initial and final cell sizes, we numerically simulated the dynamics of L, in 100 lineages,
each for 70 generations (i.e., typical duration in our experiment). The ensemble average
ACF of the simulated L, dynamics followed a simple exponential decay, consistent with the
experimental observation and theory”, R(7) = (a/ 2)|1 (Fig. 2a). However, some of the
individual realizations showed distinct oscillations with variable periods (Fig. 2b, c). A time-
frequency analysis of the simulated L, dynamics over longer duration (Methods) showed that
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the dominant frequency in a single lineage changed over time (Extended Data Fig. 3a). This
indicates that the observed oscillations were transient and could arise and disappear in single
lineages.

How does cell-size control affect the frequency and amplitude of these apparent oscillations?
As indicated by a rescaled equation (Methods, Eq. 2), the noisy linear map has a single free
parameter, &, that dictates the overall temporal dynamics. Biologically, a represents the
strength of cell-size control; its value can be experimentally measured and it is likely
determined by the molecular mechanisms underlying cell-size control®-11 (Supplemental
Information) and growth conditions. For a= 0, the cell size in one generation is not
influenced by that in the previous generation (i.e., very strong regulation); thus the cell-size
dynamics are determined by the noise term. For 0 < a< 2, the cell size in one generation
retains a ‘“memory’ of the previous generation (i.e., weaker regulation). a cannot exceed 2
because otherwise cell size will grow or shrink without bound. To investigate the effect of a
on the transient oscillations, we simulated the cell-size dynamics for 70 generations using
the rescaled linear map (Eq. 2) with different a values, and compared the probability of
transient oscillations and frequency of individual cells (Methods).

The simulation showed that the probability of transient oscillations was negligible when a
was close to 0; the dynamics were dictated by the noise term (Fig. 3a). As aincreased, the
probability of transient oscillation also increased and peaked at around a = 1.3, above which
it started to decline. The linear map acts as a low-pass filter to 7 (Methods, Eq. 3)”. When a
=0, there is no filtering and the system contains all frequencies, on average, at the same
power. As a increases, the system suppresses high-frequency components and concentrates
the power to the low-frequency domain, and thus slowing down the dynamics (Extended
Data Fig. 3b). This filtering can generate transient low-frequency oscillations in some cells.
The subsequent decline can be explained by considering how a affects the time scale of the
dynamics. Our finite observation window (70 generations) limits the lowest observable
oscillation frequencies, and so an extreme slow-down of the dynamics reduces the
probability of oscillation for large a. The effect of this slowing down is also seen in the
oscillation frequency, where the oscillation frequency decreases with aand levels off due to
the limited observation time window (Fig. 3b and Extended Data Fig. 3c).

The noisy linear map provides a simple explanation for the experimentally observed
oscillations: both the probability of oscillation and the range of oscillation frequencies
analyzed from our experiments show excellent agreement with the simulation (Fig. 3a, b, red
symbols). We observed similar oscillations in previously published data sets in different
strains3, and they are also consistent with our simulation though to a lesser degree (Fig. 3a,
b, blue symbols). The agreement between simulation and experiment was improved when
aberrant cell growth such as spontaneous cell filamentation was excluded from the data set
(Extended Data Fig. 4). Finally, a close look at the distribution of oscillation frequencies
reveals the dominance of low frequencies for both simulations and experimental data (Fig.
3c). Taken together, our analyses support the notion that the noisy linear map can explain the
spontaneous transient oscillations in cell size.
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The same principle of noisy linear map is also applicable to molecules in the cell. Consider
constitutive production of a protein with negligible degradation. At steady-state growth, the
quantity of the protein on average doubles during a cell cycle and halves upon cell division,
generating dynamics similar to cell size. Dilution of molecules by cell division inherently
acts to maintain a steady-state level of the molecule. In our experiment, the yellow
fluorescent protein (YFP) was constitutively expressed in cells. Indeed, analysis of the
experimental data revealed a noisy linear map similar to that for cell size (i.e., 0 < 4=1.05<
2; Extended Data Fig. 5). As such, tracking the amount of the total per-cell protein at the
beginning of each cell cycle should also reveal transient oscillations, just as observed in L.
However, it is not evident whether the protein concentration ([ ¥]) would also oscillate. To
examine this aspect, we simulated the stochastic gene expression in each cell coupled with
long-term cell-size dynamics using a noisy linear map (Methods). Our simulations indeed
predicted transient oscillations in the protein concentration (Fig. 3d, e, black lines).

Consistent with the model prediction, analysis of experimental data revealed transient
oscillations in [ Y] (Fig. 3d, e, red lines). The periods of these oscillations spanned many cell
cycles and could be close to 20 cell cycles (Fig. 3e, f; period of ~600 min where average
doubling time is ~33 min). We confirmed this observation in other growth conditions
(Extended Data Figs 6 and 7) and previously published data sets® that used other £. coli
strains under different experimental conditions (Extended Data Figs 8 and 9). Despite the
different experimental settings, our analysis consistently revealed oscillations in cell size and
gene expression in each data set. This consistency indicates the generality of our
conclusions.

We further probed the generality of the noisy linear map in other data sets that examined (1)
E. coligrowth in another type of microfluidic device under three different growth medial2,
(2) growth of another rod-shaped bacterium, Bacillus subtilist?, and (3) growth of rod-
shaped fission yeast. All these data sets revealed the existence of a noisy linear map (Fig. 4
and Extended Data Fig. 10). A recent study also showed a consistent result for the fission
yeast!3. We note that the cell-size control strength, 4, is generally not equal to 1; instead, it
varies depending on growth conditions, strains, and species (Fig. 4). This conclusion differs
from the “adder” model®6.14 which states that cells add a constant volume (or mass)
between divisions. The adder model requires a= 1. Our analysis suggests that the adder
model®6 may represent a special case of cell-size control and might not be generally
applicable to different bacterial strains, species, or growth conditions.

Our work reveals a simple model of cell-size control and its physiological consequence in
gene expression. The strength of cell-size control may vary according to underlying
molecular mechanisms and growth conditions (Fig. 4, Supplementary Information). This
change would lead to varying degree of spontaneously generated pulsatile gene expression,
which has been implicated in stress response, signaling, and development!>-17, As cell-size
control is a fundamental aspect of biology, it may represent a primitive means to generate
spontaneous pulsatile gene expression for these functions. Also, recent studies!®-20 found
that the bacterial proteome is partitioned into distinct sectors, which can be adjusted to
optimize resource allocation under different growth conditions. Our observation of
spontaneous, long-term oscillations in gene expression suggests that such balance may be
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adjusted dynamically even under a fixed growth condition. As the bacterial ‘growth law’
revealed by the previous work was based on population-level measurements'8-20, it would
be interesting to investigate this empirical law at the single-cell level. Efforts have already
been put to elucidate how fluctuation in catabolic gene expression affects cell growth and
vice vers&!. Finally, the noisy linear map could be exploited in interfacing with synthetic
gene circuits. Studies have shown that interactions between host physiology and exogenous
gene circuits can lead to novel behaviors?2-24, Given the ability of the noisy linear map to
generate transient oscillations in gene expression, it would be interesting to examine its
effects on synthetic oscillators?>27.

Fabrication of microfluidic device

We followed the previously published procedure to fabricate the “mother machine”3 except
that our mold was reverse-fabricated from the original mother machine device. This was
done by pouring epoxy onto the original mother machine device (kind gift from Dr. Jun).
Replicas of the mother machine were then created by pouring PDMS onto this mold and
solidifying the polymer at 80°C for 30 minutes. The resulting PDMS device was then
bonded to a glass cover slip by plasma treatment.

Cell strain, growth condition, microscopy, and microfluidics

An E. colistrain MC4100 that constitutively expresses YFP (galK:.Pjqc-yfo amp”: kind gift
from Dr. Kishony28) was used in our experiments. For long-term imaging of these cells in
the microfluidic device, a similar procedure as described in3 was followed. Briefly, cultures
were grown overnight in LB at 37°C. The overnight culture was diluted 100 fold in 5ml
fresh LB and grown at 37°C. At sufficiently high density, this culture was concentrated
about 20 fold by centrifugation for loading into the mother machine using a syringe. The
device was then spun for three minutes using a mini centrifuge to help trap cells in the side
channels of the device. Prior to loading, the device was cleaned using 70% ethanol, washed
twice with distilled water, and all liquid was then expunged with air. Fresh LB was then
introduced to remove cells not trapped and a continuous flow (100 pl/h) was maintained.
Throughout the experiment, carbenicillin (50 pg/ml) was added in growth medium. Images
were acquired at one-minute intervals using DeltaVision Elite microscope (Applied
Precision) with a motorized stage and an Evolve EM-CCD camera (Photometrics) with
either 100x DIC objective or 60x phase objective. When 60x phase objective was used,
additional x2 auxiliary magnification was also used. Prior to the experiment, the microscope
and its growth chamber were equilibrated at an appropriate temperature (25, 27, or 37°C),
and the temperature was maintained throughout the experiment.

For the experiment with S. pombe, JM1645 strain that constitutively expresses GFP (pActl-
GFP::leul-32 h-; kind gift from Dr. Moseley at Dartmouth University) was grown overnight
in 3ml YE4S medium at 30°C. The overnight culture was diluted 100 fold into fresh 3ml
YE4S and grown at 30°C for 4.5 hours. Cells were then sonicated for 30 seconds to separate
at medium intensity (Diagenode Bioruptor UCD-200). Cells were loaded into a CellASIC
YO04C plate (EMD Millipore). A medium flow rate was kept at 3psi, and the middle chamber
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(4pum in height) was used for imaging. Images were acquired every three minutes using
DeltaVision Elite microscope with a motorized stage and a CoolSNAP CCD camera
(Photometrics) with 60x phase objective. The temperature was kept at 30°C throughout the
experiment.

Image analysis

For mother machine experiments, we developed a custom program using C++ and F1JI for
image segmentation. The segmentation of cells was performed based on fluorescent images
by finding minima of fluorescent intensity along the channel direction of the mother
machine. The segmented images were checked manually and corrected. CellStat
(Fraunhofer-Chalmers Centre, Gothenburg, Sweden)2? was used for image segmentation of
the experiment with S. pombe.

Data processing (mother machine data)

For both our own data sets and previously published data sets, cell divisions were detected
based on the change in cell length— a division event is identifiable in the data sets as a clear
and large drop in the size of the mother cell. We selected cell lineages that contained
measurements of full 70 generations. This resulted in 160 (37°C), 54 (27°C) and 65 (25°C)
lineages for MC4100, 158 lineages for MG1655, and 80 lineages for B/r strain. To minimize
the effect of erroneous segmentation, we ignored spontaneous “spikes” in cell length, which
were occasionally observed in the previously published data3. Cells occasionally undergo
aberrant cell growth such as filamentation. For the analysis performed in Fig. 1e and
Extended Data Figs 1, 2, and 5, we excluded these instances, by discarding data points in
which (1) initial cell length was larger than L + 20y (L and o, are the average and standard
deviation of the cell size distribution, respectively) or (2) final cell length was larger than
2(L + 207). We also excluded cell cycles whose initial cell length was smaller than L - 20y.
This latter condition was to mainly exclude data points that appear to result from erroneous
segmentation in the previously published data sets. Our own data sets (i.e., MC4100)
contained only one such instance. To eliminate incorrect segmentations, we assumed cell
divisions to be at least 10 minutes apart and excluded cell cycles in which Lz< L, (only
found in the published data sets). These procedures filtered out ~0.6% of total cell cycles.
For the analysis performed in Fig 3a—c and Extended Data Fig 4, unless otherwise noted,
cell lineages that contained aberrant cell cycles described above were excluded from the
analysis.

We note that the published data sets were available and accessed in the form of processed
data sets rather than the actual movies of cell growth themselves. As such, we were unable
to manually correct for possible segmentation errors other than using the criteria described
above. This inability could account for lower probability of oscillation as compared with the
model prediction (Fig. 3a)-the cell size dynamics is more susceptible to these errors than the
linear map. Indeed, when the above criteria were used to process the data, it led to a clear
improvement in agreement with the simulations (Extended Data Fig. 4). Our own data sets
were subject to manual segmentation checks based on the movies and were largely devoid of
these errors.
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Data processing (Data from the Cluzel lab?)

For each condition (£. coli with three growth media and B. subtilis), we chose to analyze an
experiment performed with 4% agarose. All complete cell cycles were subject to the above
processing, and the same exclusion criteria as the mother machine data were uniformly
applied for filtering. As a result, ~0.6% of total cell cycles were filtered out.

Data processing (S. pombe experiment)

For the S. pombe experiment, microscope images were analyzed using CellStat (Fraunhofer-
Chalmers Centre, Gothenburg, Sweden)2°. Cell area, instead of cell length, was used to
derive the linear map. Since this experiment was performed in the CellASIC platform and
the throughput was much lower than the mother machine (87 cell cycles), apparent
filamentous events were manually inspected and two cell cycles were excluded. These two
events were visually obvious and well separated from the other cell cycles in the
distribution. The total of 85 cell cycles were used for the linear map analysis (Extended Data
Fig. 10e).

Analysis of noisy linear map

The noisy linear map (Eq. 1 in the main text)
Ly (nt1)=(aL,(n)+b+n)/2

can be rescaled by

L,(n)—L533
RAOD

ss” b
andLI =5

—a

Here, oy is the standard deviation of the noise term 7, and L’ is the steady state of LA7).
This gives

x(n+1):(ax(n)+n/)/2, Eq. 2

where 1”= nlo1. We assume a Gaussian white noise for 7, and then #”is also a Gaussian
white noise with 7~ MQ0,1). This rescaling shows that the dynamics of noisy linear map is
solely dependent on a. For the analysis performed in Fig. 3a—c, we used this rescaled model
to examine the effect of a on oscillation characteristics.

As discussed in the main text, the autocorrelation function of the system is given by R(7) =
(a/2)! and then the power spectrum of, X(#), for 0 < a < 2 is given by30
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where H(#) is a transfer function of the system (at frequency #), and S;(#) = 1 is the power
spectrum of 7 With a= 2, the dynamics becomes Brownian noise, and X(# = 1/(27H2. As a
increases, the system suppresses high frequency components and concentrates the power to
the low frequency domain (Extended Data Fig. 3b).

Time-frequency analysis of L, dynamics

To gain further insights into L, dynamic, we performed a time-frequency analysis.
Specifically, we simulated the process for a much longer duration (700 generations as
opposed to the 70 generations that we could observe experimentally) using Eq. 1 in the main
text, and then calculated power spectrum density (PSD) for each period of 70 generations
with 50% overlap. That is, PSDs were calculated for data from 15t to 70t generation, 36 to
105t generations, 715t to 140 generations, and so on. A single frequency occasionally
dominated the system and then disappeared, creating a patchy appearance of the plot
(Extended Data Fig. 3a). Consistent with our experimental observations (Fig. 1b, ¢) across
an ensemble of single cells, the dominant frequency in a single cell changed across time. In
some time windows, no dominant frequency was observed, which indicates that the observed
oscillations are transient and can arise and disappear in single cells or across an ensemble of
cells (Extended Data Fig. 3a).

Simulation of gene expression under cell size regulation

To examine gene expression dynamics in the presence of cell size regulation by simulation,
we combined the noisy linear map and stochastic gene expression model. For each
simulation, we first generated cell size dynamics based on the noisy linear map as follows:

1. Compute LA ) using LAn) = aLn) + b+ nbutensure LAn) > LAn).
2. Assuming a constant growth rate, 4, construct cell size profile using L(2) = L )&,
0< t< Twhere LAMET= LAn).

3. Compute L{n+ 1) using L{n+ 1) = LAnRwhere R~ MO0.5, 53), but ensure 0 < R
<1

4. lterate Step 1-3.

Two bounds were applied to the noisy linear map model to accommodate biological
constraints. First, in Step 1 we ensured that the final cell size LA 1) is larger than the initial
cell size LAn), and that 7= 10 min. Second, in Step 3 the division was made stochastic
within the boundary 0 < R< 1. In Figure 3d-f, the parameter values for &, 6, o (standard
deviation of 7)), and o» were derived from the experimental observations of the MC4100
strain grown at 37°C (a=0.871, 6= 2.70, 01 = 0.548, and o» = 0.0344).

After generating a cell size profile, the dynamics of constitutive gene expression was
simulated using the Gillespie algorithm with following reactions:
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mRNA 27, &
mRNA e, mRNA+protein,

. dp
protein — *.

In these simulations, we assumed: ;; = 2 molecules/min, d/,,= 0.2 min~1, kp,=0.1 min1,
and dj,=0.001 min~1. Upon cell division, mRNA and protein molecules were binomially
distributed to the progeny based on the division ratio (~), and the simulation continued to
the next cell cycle. To make the analysis of simulation results comparable to that of
experimental data, the simulation results were sampled at the same time resolution as the
experimental data.

Power spectrum analysis and scoring of oscillation

To quantify the goodness of oscillation and extract a main frequency of the oscillation, we
develop a scoring system based on power spectrum analysis. First, a PSD estimate (S(7)) of
temporal data of length /was computed for individual courses using Welch’s method
(pwelch function in Matlab). The number of segments and overlap used were 3 and 50-53%,
respectively (for the analysis of L/=70), the overlap of 19/36 ~= 53% was used to have 3
complete segments, but for the analysis of [ Y] the overlap was 50%). A maximum peak
(S(7)) is then found and the score (2) is calculated as follows:

__SUa) (1 H(S)
Z_ZZVNS(m (1 )
with H(S)==3"1 (. P(f)logaP(f:)

1
and Hma..'l: :_IOgQ M

mazx

where Nis the number of bins resulting from the discrete Fourier transform, M< Nis the
number of bins where S(f) < 7, and 7> 1 (i.e., non-DC (hon-constant) component), and
H(S) is the information entropy. The first and second terms of zrepresent the dominance and
peakiness of the maximum peak, respectively, and £, corresponds to the oscillation
frequency. We note that the first non-DC component was not considered as a peak, and thus
the slowest oscillation frequency 7, detected by this method is the second non-DC
component in the PSD (i.e., 2/ ). Likewise, the fastest oscillation frequency £y
corresponds to the second to last component in the PSD (i.e., 1/2 — 1/N).

In order to separate oscillatory dynamics from non-oscillatory ones, we needed to set a
threshold for the oscillation score. To this end, we determined this threshold, z,, based on the
scores of noisy sine waves with various frequencies:

xp=sin (2mp;t) +e (t=1,2,...lande~N(0,1)),

where, fipjn< @< Fpax=max(f) (/1=1, 2, ..., N). We sampled the total of 101 different
frequencies (i.e., /=1, 2, ..., 101 and @1 = @j= (fmax— Fmin)/100. In principle, these noisy

Nature. Author manuscript; available in PMC 2016 May 07.



1duosnue Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Tanouchi et al.

Page 10

sine waves represent true oscillatory dynamics. We ran 100 simulations for each ¢, and
calculated the average (1A ¢))) and standard deviation (oA ¢))) of the scores. Then, the
threshold z, was defined as

1 101

Zc:m j (1= (¢5) —0o= (¢5)) -

Z varies depending on the data set (e.g., different /). For L,dynamics, z. = 0.0166 whereas
for [ Y] dynamics of MC4100 (37°C), MC4100 (27°C), MC4100 (25°C), MG1655, and BT,
Z,=0.0414, 0.0439, 0.0450, 0.0390, and 0.0394, respectively.

Dependence of cell doubling time on initial cell size

At the fundamental level, the cell size control can be achieved by modulating either growth
rate (1) or doubling time (7). Our analysis shows that growth rate is relatively independent
of the initial cell size (Extended Data Fig. 1a, b), but doubling time has a decreasing trend
with initial cell size (Extended Data Fig. 1c). This indicates that the cell size regulation is
mainly achieved via modulation of doubling time rather than growth rate. This is consistent
with a recent analysis of long-term £. coli growth data 4. Given the linear relationship
between the initial and final cell sizes (Lz= aL,;+ b), and assuming a constant growth rate
and exponential cell growth (L= L ,€“7) during cell cycle3!, we can derive an expression for
the doubling time,

T=In(a+b/L;)/p- Eq.4

This equation shows good agreement with our experimental observation (Extended Data Fig.
1c, red line).
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Extended Data
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Extended Data Figure 1. Analysis of cell growth parameters
Division ratio (a), growth rate (b), and doubling time (c) are plotted against initial cell length

(n =11168). Black and red lines show binned average and trend line, respectively. In a and
b, the trend lines are the linear regression line whereas Eq. S3 was used in c. The error bars
indicate standard deviation of each bin.
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Extended Data Figure 2. A noisy linear map in E. coli cell size control across different growth

temperatures and strains

The same analysis as in Fig. 1e (L, vs. Lg) was performed for MC4100 grown at 27°C (a, n
= 3772), MC4100 grown at 25°C (b, n = 4539), MG1655 grown at 37°C (c, n = 10964), and
B/r strain grown at 37°C (d, n = 5541). The data sets for MG1655 and B/r strain were from a
previous study3. Black and red lines show binned average and linear regression line,
respectively. From ato d, = 1.02, 1.08, 1.03, and 1.14, respectively. The error bars indicate

standard deviation of each bin.
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Extended Data Figure 3. Frequency analysis of noisy linear map
a, Time-frequency analysis of the noisy linear map model for L, The upper

_1)

panel shows a

spectrogram of 700-generation simulation constructed using 70-generation segments with
50% overlap. The lower panel shows the temporal dynamics of L, The same parameters as

in Fig. 2a were used. b, The power spectrum of noisy linear map (X(#5). Eq.

3 is plotted for

different 2 (0 < a< 1.8 with 0.2 interval). X(# = 1/ (27572 for a= 2 is the straight line in this

log-log plot. Note that the maximum value of 7is 0.5 as the time resolution i

s 1 generation.

¢, Dependence of oscillation frequencies on a simulated using the rescaled linear map (Eq.
2). The noisy linear map model was simulated (Fig. 3a—c) and the distributions of oscillation
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frequencies are shown for four different values of a (from top to bottom, n = 24, 76, 117, and
79, respectively).
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Extended Data Figure 4. Comparison of L oscillation characteristics between all lineages (blue)
and lineages without aberrant cell cycles (red)

Probability of oscillation (a), average oscillation frequency (b), and distributions of
oscillation frequencies (c—g) are shown. In a and b, filled symbols represent experimental
data (data shown in red are the same as Fig. 3a, b): circles are MC4100 grown at three
different temperatures; squares and triangles are MG1655 and B/r strain, respectively. The
unfilled circles were generated from simulations using the rescaled linear map (Eg. 2, the
same plot as Fig. 3a, b). In a, the data shown in blue include 160 (37°C), 54 (27°C), and 65
(25°C) lineages for MC4100, 158 lineages for MG1655, and 80 lineages for B/r strain. The
data shown in red include 143 (37°C), 48 (27°C), and 57 (25°C) lineages for MC4100, 97
lineages for MG1655, and 60 lineages for B/r strain. In b—g, only lineages that were
considered oscillatory were used. For the data set in blue, n = 58 (37°C), 21 (27°C), and 39
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(25°C) for MC4100, 46 for MG1655, and 26 for B/r strain. For the data set in red, n =51
(37°C), 18 (27°C), and 36 (25°C) for MC4100, 34 for MG1655, and 23 for B/r strain.
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o
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o
(€l
Q
< 0.4}

0 2 4 6 8 10
10°
Total YFP at birth (a.u.) X

Extended Data Figure 5. A noisy linear map in total per-cell YFP
Total YFP before division is plotted against total YFP at birth (n = 11168), revealing a linear

map with a=1.05. Black and red lines show binned average and the linear regression line,
respectively. The error bars indicate standard deviation of each bin.
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Extended Data Figure 6. Oscillation in [Y] observed in MC4100 at 27°C
a, Oscillation scores of YFP concentration are shown in an ascending order. The dashed line

indicates a threshold for oscillation. b, For four different oscillation frequencies, ACFs with
the highest oscillation scores are shown. ¢, The distribution of oscillation frequencies (n =
47).
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Extended Data Figure 7. Oscillation in [Y] observed in MC4100 at 25°C
The same plots as in Extended Data Fig. 6 but for MC4100 grown at 25°C. n =61 in c.
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Extended Data Figure 8. Oscillation in [Y] observed in MG1655
The same plots as in Extended Data Fig. 6 but for MG16552. n = 60 in c.
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Extended Data Figure 9. Oscillation in [Y] observed in B/r strain
The same plot as in Extended Data Fig. 6 but for B/r strain3. n = 20 in c.
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Extended Data Figure 10. A noisy linear map in cell size control in the data sets from Moffitt et
al'2 and our experimental data of S. pombe

The same analysis as in Fig. 1e (L,vs. Lg) was performed. These data sets were obtained
using a microfluidic device different from the mother machine. a—c show £. coli growth
under three different media as indicated (n = 8795, 4637, and 684, respectively), d shows
growth of B. subtilis (n = 1592), and e shows growth of S. pombe (n = 85). Black and red
lines show binned average and the linear regression line, respectively. From ato e, a= 1.20,
0.864 0.684, 1.41, and 0.645, respectively. a—d show cell length (um) and e shows cell area
(um2). The error bars indicate standard deviation of each bin.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.

Nature. Author manuscript; available in PMC 2016 May 07.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Tanouchi et al. Page 21

Acknowledgments

We thank Suckjoon Jun (University of California, San Diego) for providing the original mother machine and
Philippe Cluzel (Harvard University) for providing their data set on £. coliand B. subtilis growth. We also thank the
Light Microscopy Core Facility at Duke University for their help in conducting microscopy experiments. This work
was partially supported by a National Science Foundation Career Award (LY), the National Institutes of Health (LY,
R0O1GMO098642, R0O1GM110494), a DuPont Young Professorship (LY), a David and Lucile Packard Fellowship
(LY), a DARPA Biochronicity Grant (DARPA-BAA-11-66, NEB), a NIH Director’s New Innovator Award (DP2
0D008654-01, NEB), and a Burroughs Wellcome Fund CASI Award (BWF 1005769.01, NEB).

References

1. Raj A, van Oudenaarden A. Nature, nurture, or chance: stochastic gene expression and its
consequences. Cell. 2008; 135:216-226.10.1016/j.cell.2008.09.050 [PubMed: 18957198]

2. Huh D, Paulsson J. Random partitioning of molecules at cell division. P Natl Acad Sci Usa.
201110.1073/pnas.1013171108

3. Wang P, et al. Robust growth of Escherichia coli. Curr Biol. 2010; 20:1099-1103.10.1016/j.cub.
2010.04.045 [PubMed: 20537537]

4. Osella M, Nugent E, Cosentino Lagomarsino M. Concerted control of Escherichia coli cell division.
P Natl Acad Sci Usa. 201410.1073/pnas.1313715111

5. Taheri-Araghi S, et al. Cell-size control and homeostasis in bacteria. Curr Biol. 2015; 25:385-
391.10.1016/j.cub.2014.12.009 [PubMed: 25544609]

6. Campos M, et al. A constant size extension drives bacterial cell size homeostasis. Cell. 2014;
159:1433-1446.10.1016/j.cell.2014.11.022 [PubMed: 25480302]

7. Stern A, Keren L, Wurtzel O, Amitai G, Sorek R. Self-targeting by CRISPR: gene regulation or
autoimmunity? Trends Genet. 2010; 26:335-340.10.1016/j.tig.2010.05.008 [PubMed: 20598393]

8. Donachie WD, Blakely GW. Coupling the initiation of chromosome replication to cell size in
Escherichia coli. Curr Opin Microbiol. 2003; 6:146-150.10.1016/S1369-5274(03)00026-2
[PubMed: 12732304]

9. Reyes-Lamothe R, Nicolas E, Sherratt DJ. Chromosome replication and segregation in bacteria.
Annu Rev Genet. 2012; 46:121-143.10.1146/annurev-genet-110711-155421 [PubMed: 22934648]

10. Erickson HP, Anderson DE, Osawa M. FtsZ in bacterial cytokinesis: cytoskeleton and force

generator all in one. Microbiol Mol Biol Rev. 2010; 74:504-528.10.1128/ MMBR.00021-10
[PubMed: 21119015]

11. de Boer PAJ. Advances in understanding E. coli cell fission. Curr Opin Microbiol. 2010; 13:730-
737.10.1016/j.mib.2010.09.015 [PubMed: 20943430]

12. Moffitt JR, Lee JB, Cluzel P. The single-cell chemostat: an agarose-based, microfluidic device for
high-throughput, single-cell studies of bacteria and bacterial communities. Lab Chip. 2012;
12:1487-1494.10.1039/c21c00009a [PubMed: 22395180]

13. Nobs J-B, Maerkl SJ. Long-Term Single Cell Analysis of S. pombe on a Microfluidic
Microchemostat Array. PLoS ONE. 2014; 9:e93466.10.1371/journal.pone.0093466 [PubMed:
24710337]

14. Amir A. Cell size regulation in bacteria. Phys Rev Lett. 2014; 112:208102.10.1103/PhysRevLett.
112.208102

15. Levine JH, Lin Y, Elowitz MB. Functional roles of pulsing in genetic circuits. Science. 2013;
342:1193-1200.10.1126/science.1239999 [PubMed: 24311681]

16. Suel GM, Kulkarni RP, Dworkin J, Garcia-Ojalvo J, Elowitz MB. Tunability and noise dependence
in differentiation dynamics. Science. 2007; 315:1716-1719.10.1126/science.1137455 [PubMed:
17379809]

17. Wakamoto Y, et al. Dynamic persistence of antibiotic-stressed mycobacteria. Science. 2013;
339:91-95.10.1126/science.1229858 [PubMed: 23288538]

18. Scott M, Gunderson CW, Mateescu EM, Zhang Z, Hwa T. Interdependence of cell growth and gene
expression: origins and consequences. Science. 2010; 330:1099-1102.10.1126/science.1192588
[PubMed: 21097934]

Nature. Author manuscript; available in PMC 2016 May 07.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Tanouchi et al.

19.

20.

21.

22.

23.

24.

25.

26.

217.

28.

29.

30.

31.

Page 22

You C, et al. Coordination of bacterial proteome with metabolism by cyclic AMP signalling.
Nature. 2013; 500:301-306.10.1038/nature12446 [PubMed: 23925119]

Hui S, et al. Quantitative proteomic analysis reveals a simple strategy of global resource allocation
in bacteria. Mol Syst Biol. 2015; 11:784. [PubMed: 25678603]

Kiviet DJ, et al. Stochasticity of metabolism and growth at the single-cell level. Nature.
201410.1038/nature13582

Tan C, Marguet P, You L. Emergent bistability by a growth-modulating positive feedback circuit.
Nat Chem Biol. 2009; 5:842-848.10.1038/nchembio.218 [PubMed: 19801994]

Marguet P, Tanouchi Y, Spitz E, Smith C, You L. Oscillations by minimal bacterial suicide circuits
reveal hidden facets of host-circuit physiology. PLoS ONE. 2010; 5:e11909.10.1371/journal.pone.
0011909 [PubMed: 20689598]

Cookson NA, et al. Queueing up for enzymatic processing: correlated signaling through coupled
degradation. Mol Syst Biol. 2011; 710.1038/msh.2011.94

Elowitz MB, Leibler S. A synthetic oscillatory network of transcriptional regulators. Nature. 2000;
403:335-338.10.1038/35002125 [PubMed: 10659856]

Stricker J, et al. A fast, robust and tunable synthetic gene oscillator. Nature. 2008; 456:516—
519.10.1038/nature07389 [PubMed: 18971928]

Mondragén-Palomino O, Danino T, Selimkhanov J, Tsimring L, Hasty J. Entrainment of a
population of synthetic genetic oscillators. Science. 2011; 333:1315-1319.10.1126/science.
1205369 [PubMed: 21885786]

Hegreness M, Shoresh N, Hartl D, Kishony R. An equivalence principle for the incorporation of
favorable mutations in asexual populations. Science. 2006; 311:1615-1617.10.1126/science.
1122469 [PubMed: 16543462]

Kvarnstrém M, Logg K, Diez A, Bodvard K, Kall M. Image analysis algorithms for cell contour
recognition in budding yeast. Opt Express. 2008; 16:12943-12957.10.1364/0E.16.012943
[PubMed: 18711533]

Introduction to Time Series Modeling C&H/CRC Monographs on Statistics & Applied Probability.
Chapman and Hall/CRC; 2010. p. 31-48.

Godin M, et al. Using buoyant mass to measure the growth of single cells. Nat Meth. 2010; 7:387-
U370.10.1038/NMETH.1452

Nature. Author manuscript; available in PMC 2016 May 07.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnue Joyiny

1duosnue Joyiny

Tanouchi et al.

Page 23

FITYSWTS I - VW

0 Generation 70 To Generation 70|

L;(um) 5
L;(um) e

0 20 40 60 0 20 40 60 0 20 40 60
Lag (generation) Lag (generation) Lag (generation)
" d < 10
:-'C_-\ Final cell %,-\8
g y s longth (L) Division = gG
ll I ratio (R) 2 g7
\8_, 1 : (:31// ‘_g —4
2 Initial cell Growthrate (1) L, .-
3 length (L) ~ Doubling time (7) R 1 2 3 4 5

Time Initial cell length (L, ym)

Figure 1. Transient oscillations in cell size
a, ACF of all lineages (n = 160) and their average (thick red line).

b, An example of L, oscillation with a period of ~8 generations.

¢, Another example of L, oscillation with a period of ~16 generations.

d, Definition of growth parameters.

e, A noisy linear map in cell size control: final cell size (Lg) is plotted against initial cell size
(L) (n=11168). Black and red lines show binned average and linear regression line,
respectively. The slope of the regression line (g) is 0.871 with 95% confidence interval of
0.842-0.901. The two dotted lines show y=2xand y = b. The error bars indicate standard
deviation of each bin.
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Figure 2. Simulated transient cell-size oscillations using the noisy linear map (Eq. 1)
a, ACF of L,for 100 simulations (thin lines). The thick red line shows the average ACF; the

thick black line shows the theoretical calculation. a=0.871, 6= 2.70 um, and oy (standard
deviation of 7) = 0.548 um were used for these simulations. These values are based on the
characterization in Fig. 1e and the root-mean-square error of the regression was used for o7.

b and ¢, ACF of two typical oscillatory time courses (/nsets).
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Figure 3. Dependence of cell size oscillation on a, and oscillations in gene expression
a, Dependence of the probability of oscillation on a. For each value of & 200 simulations

were run using the rescaled linear map (Eg. 2). Closed symbols indicate analysis of our own
experimental data (MC4100 grown at 37°C, 27°C and 25°C, red circles from left to right (n
=143, 48, and 57, respectively)) and previously published data (MG1655, blue square (n =
97); B/r strain, blue triangle (n = 60)). Only lineages without aberrant cell cycles are shown
(Methods). The horizontal error bars indicate the 95% confidence interval.

b, Dependence of the average oscillation frequency on g using the same data set presented in
a. Only lineages that were considered oscillatory were used for the calculation (n = 51
(37°C), 18 (27°C), and 36 (25°C) for MC4100, 34 for MG1655, and 23 for B/r strain). The
shaded region represents standard deviation. As in a, closed symbols indicate analysis of
experimental data; the vertical error bars indicate standard deviation.

¢, Distributions of oscillation frequencies from experimental (MC4100, 37°C; n = 51) and
simulated (n = 80) cell-size dynamics. Simulations were done with 4= 0.88 using Eq. 2.

d, Oscillation scores of simulated (black, Methods) and experimental (MC4100 at 37°C, red)
YFP concentrations ([ Y]). The data were sorted according to the oscillation score and shown
in an ascending order. The dashed line indicates a threshold for the oscillation score
(Methods).

e, ACFs of [ Y] for four different frequencies. For each frequency (indicated in each panel),
the sample with the highest score (above the threshold) is shown for simulation (black) and
experiment (red).

f, Distributions of oscillation frequencies in [ Y] for simulation (black, n = 134) and
experiment (red, n = 108).
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Figure 4. ain different data sets
The slope (4) of the linear map was derived from 10 different data sets and plotted as a

function of cell doubling time. ‘Mother machine’ refers to our own data sets (“‘different
temperatures’) and the data sets from Wang et al® (‘different strains’). ‘Non-mother
machine’ refers to the data set from Moffitt et al12. ‘CellASIC platform’ refers to the S.
pombe experiment performed using the Cell ASIC system (a commercially available
microfluidic device). The error bars indicate the 95% confidence interval.
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