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Multicellular development is a robust process that produces tissues of 

stereotypical size and shape. Yet recently, studies have counterintuitively proposed 

that cells may exploit stochastic mechanisms to initiate cell fate and patterning 

decisions. Thus for my thesis work, I used the Arabidopsis thaliana outermost floral 

organ, the sepal, to investigate how variable growth and behavior on a cellular level 

results in the development of a morphologically robust tissue.  

During sepal development, morphologically equivalent epidermal cells in the 

primordium produce a variable pattern of giant cells interspersed between smaller 

cells. Giant cells undergo a specialized endoreduplication cell cycle in which they 

replicate their DNA but fail to divide, becoming enlarged and polyploid.  

In my first study, I found that during sepal development, the homeodomain-

leucine zipper transcription factor, ATML1, randomly fluctuates in all sepal 

primordium epidermal cells and that these fluctuations specify the giant and small cell 

pattern. For a cell to endoreduplicate and become giant, ATML1 concentrations must 

fluctuate above a giant cell-inducing threshold during the G2 stage of the cell cycle. 

Conversely, cells that undergo fluctuations that do not pass the threshold will divide 

and their daughters will remain small. This study provides new insight into the field of 

development, unveiling a new cell-autonomous fluctuation patterning mechanism, 

which uses the cell cycle to precisely tune the number of giant cells that form on the 

sepal. 



 

In my next study, I assessed how cells of varying sizes coordinate their growth 

to form a tissue. I discovered that the growth of sepal tissue, individual cell lineages 

and cell walls all followed sigmoidal curves, suggesting that cells exhibit predictable 

growth trends, in which each cell grows initially slow, accelerate to a maximum, and 

then slow again.  Furthermore, I found that each cell reaches the same maximum 

relative growth rate, just at different times. This study demonstrates that although 

individual cell growth and behavior appears to be random, each cell exhibits similar 

underlying growth trends to create a properly formed tissue. 
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Plants, along with other multicellular organisms, have evolved specialized regulatory
mechanisms to achieve proper tissue growth and morphogenesis. During development,
growing tissues generate specialized cell types and complex patterns necessary for
establishing the function of the organ. Tissue growth is a tightly regulated process that
yields highly reproducible outcomes. Nevertheless, the underlying cellular and molecular
behaviors are often stochastic. Thus, how does stochasticity, together with strict genetic
regulation, give rise to reproducible tissue development? This review draws examples
from plants as well as other systems to explore stochasticity in plant cell division, growth,
and patterning. We conclude that stochasticity is often needed to create small differences
between identical cells, which are amplified and stabilized by genetic and mechanical
feedback loops to begin cell differentiation. These first few differentiating cells initiate
traditional patterning mechanisms to ensure regular development.

Keywords: variability, robustness, cell division, Arabidopsis, development

INTRODUCTION
During development, an organism acquires a characteristic shape
and size and establishes robust organ morphologies. To achieve
this, growing tissues undergo multiple rounds of growth, division,
and differentiation until a highly organized structure is formed.
For years, biologists have been fascinated with the idea of tightly
regulated developmental processes that yield highly reproducible
outcomes and have deemed seemingly random processes to be
unimportant. However, recent evidence suggests that the underly-
ing cellular and molecular mechanisms utilized to generate these
reproducible structures often contain stochastic elements (Raser,
2005; Johnston and Desplan, 2010). Thus, there is a resurgent
interest in randomness in biology.

Counterintuitively, stochasticity may be important for produc-
ing regular patterns. For instance, stochastic transitions between
growth and disassembly phases of individual microtubules is
critical for the rapid formation of ordered cortical microtubule
arrays guiding the anisotropic expansion of plant cells (Allard
et al., 2010; Eren et al., 2010). Dynamic instability allows the
microtubules to explore various configurations and arrive at the
optimal one (Holy and Leibler, 1994). Noise allows the disas-
sembly of suboptimal configurations and thus allows the quick
convergence on optimal ones.

In various plant tissues, cells exhibit an immense amount of
cell-cell variation. For instance, the Arabidopsis thaliana leaf epi-
dermis is composed of various cell types, which range in cell size,
shape, and DNA ploidy (Melaragno et al., 1993; Roeder et al.,
2010; Elsner et al., 2012). Nonetheless, these tissues retain the cor-
rect organ morphology. Here we raise the question: does stochas-
ticity at the cellular level contribute to reproducible tissue devel-
opment in plants? In this review we examine how stochasticity
is defined in biological systems and provide evidence that plants
undergo stochasticity at the cellular level. Stochastic fluctuations
of key regulators can initiate differences between equivalent cells.

Genetic and mechanical feedback loops can enhance and solid-
ify these differences to begin cell differentiation. Differentiating
cells promote traditional patterning mechanisms, such as lateral
inhibition, to further induce cell differentiation and patterning
for proper tissue development (Figure 1). While in this review,
our central focus is on regularity versus randomness in plant
development, we draw many illustrative parallel examples from
other systems with the intention of bringing further insight to the
phenomenon of stochasticity in plants. For further discussions
of the importance of stochasticity throughout plant develop-
ment, please see the other reviews in this “Stochasticity in Plant
Developmental Processes” research topic.

WHAT IS STOCHASTICITY IN A BIOLOGICAL CONTEXT?
Stochasticity is defined as “the quality of lacking any predictable
order or plan” (TheFreeDictionary1) and has been long used to
describe random or probabilistic events. For example, in the early
1900’s Albert Einstein and Marian Smoluchowski described the
zigzag behavior of Brownian particles (i.e., particles suspended in
a fluid) as stochastic (Góra, 2006). Furthermore, fields such as
mathematical finance use stochastic models to predict the behav-
ior of financial markets (Malliavin and Thalmaier, 2006). More
recently, stochasticity has been used to describe biological events,
particularly noise in gene expression (Raser, 2005). How do we
know what is stochastic, and how can we study stochasticity in a
biological context?

Currently there are two major approaches for investigating
stochasticity in biological systems. The first approach is to com-
pare experimental results with those achieved through a stochas-
tic computational model. If the model and experiments match,
we can have some confidence that stochasticity plays a role in the

1TheFreeDictionary, TheFreeDictionary.com. Farlex, Inc. Available online at:
http://www.thefreedictionary.com/stochasticity (Accessed May 26, 2014).

www.frontiersin.org September 2014 | Volume 5 | Article 420 | 12

http://www.frontiersin.org/Plant_Science/editorialboard
http://www.frontiersin.org/Plant_Science/editorialboard
http://www.frontiersin.org/Plant_Science/editorialboard
http://www.frontiersin.org/Plant_Science/about
http://www.frontiersin.org/Plant_Science
http://www.frontiersin.org/journal/10.3389/fpls.2014.00420/abstract
http://community.frontiersin.org/people/u/119602
http://community.frontiersin.org/people/u/32928
mailto:ahr75@cornell.edu
http://www.frontiersin.org/plant_evolution_and_development/researchtopics/stochasticity_in_plant_develop/2079
http://www.frontiersin.org/plant_evolution_and_development/researchtopics/stochasticity_in_plant_develop/2079
http://www.thefreedictionary.com/stochasticity
http://www.frontiersin.org
http://www.frontiersin.org/Plant_Evolution_and_Development/archive


Meyer and Roeder Stochasticity in plant cellular development

FIGURE 1 | Schematic model of the importance of stochasticity in

promoting regular plant development. (A) During early tissue
development, cell start out as being morphologically equivalent (all white
cells). (B) Equivalent cells exhibit initial differences from one another
through stochastic fluctuations in gene expression (variation of blue cells).
(C) Differences between cells will be stabilized by regulatory mechanisms
such as genetic or mechanical feedback loops (blue cells with diamonds).
(D) As the cell’s fate is stabilized, it triggers non-random patterning
mechanisms (e.g., lateral inhibition) (E) Patterning mechanisms promote
regular tissue development (orange cells).

process. The second approach is to test experimentally for differ-
ences in the behaviors of two identical systems due to stochastic
noise. The difficulty with this approach is to be sure that the sys-
tems are truly identical. Therefore, this approach has been used
primarily to study stochasticity of gene expression in single cells.

For instance, Elowitz et al. (2002) tested how stochastic gene
expression influences cellular variability in Escherichia coli. To
do this, Elowitz et al. constructed a strain of E. coli in which
two fluorescent alleles (cyan and yellow) are integrated into
equivalent chromosomal loci under the control of the same pro-
moter (Figure 2). Elowitz et al. subsequently analyzed fluorescent
intensities of these reporters using fluorescence microscopy and
computerized image analysis. Using these analyses, they found
differences in expression between the cyan and yellow alleles
within a single cell, indicating the presence of intrinsic noise,
noise caused by the inherent randomness in transcription and
translation of a particular gene (Figure 2B). Furthermore, they
found variation in the overall fluorescent intensity between cells,
suggesting the presence of extrinsic noise, noise attributed to
fluctuations in environment (Figure 2A).

The results from these experiments suggest that both intrinsic
and extrinsic noise in gene expression have a significant impact on

FIGURE 2 | Measuring intrinsic and extrinsic noise in E. coli. Intrinsic
noise can be differentiated from extrinsic noise by measuring the activity of
two allelic GFP variants, YFP (shown in red) and CFP (shown in green),
under control of the same promoter. (A) When intrinsic noise is absent
within a single cell, the fluorescence intensity of YFP and CFP should be
identical (represented by yellow cells). Extrinsic noise will cause different
cells within the population to exhibit variations in overall fluorescent
intensity. (B) Intrinsic noise within a single cell will cause the fluorescence
intensity of YFP and CFP to differ, resulting in some green and some red
tinted cells. Reproduced from Elowitz et al. (2002). Reprinted with
permission from AAAS.

promoting phenotypic diversity. For example, in Bacillus subtilis
noise in the genetic network allows a few cells to stochastically
and transiently become competent to take up extracellular DNA
in response to stress while most other cells sporulate (Süel et al.,
2006). By creating a diversity of cellular responses the survival of
the population is optimized. Many have used this dual reporter
system to demonstrate how stochastic gene expression influences
phenotypic diversity in single-cell systems (Elowitz et al., 2002;
Ozbudak et al., 2002; Rao et al., 2002; Blake et al., 2003; Raser and
O’Shea, 2004; Pedraza and van Oudenaarden, 2005; Raser, 2005;
Rosenfeld, 2005; Bar-Even et al., 2006; Newman et al., 2006).

Multicellular organisms may utilize stochastic mechanisms
similar to those seen in unicellular organisms. However, the
biological techniques necessary to assess how stochasticity con-
tributes to cell behavior within a multicellular system are limited.
Inventing new techniques to biologically assess and manipulate
stochasticity will be important to advance our understanding of
the role of randomness in biology in the future.

STOCHASTICITY IN PLANT CELL GROWTH AND DIVISION
Plants undergo continuous development throughout their lifes-
pan and thus have specialized mechanisms to carefully control
organ size and structure even when exposed to extreme environ-
mental conditions. However, despite the regularity observed on
an organ level, plant cells exhibit a high degree of variability in
growth and division, suggesting that stochasticity is present and
even maintained in tissues.

Elsner et al. (2012) have found considerable variability in
the growth rate of individual cells in the Arabidopsis thaliana
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FIGURE 3 | Leaf epidermal cells exhibit growth variability. Cellular
growth heterogeneity is apparent from (A) serial scanning electron
micrographs (SEMs) of a growing Arabidopsis leaf over 96 h. The analysis
columns show the (B) areal growth rate and (C) growth rate in length. Cells
that change their areal growth rate in time are outlined in black. Reprinted
from Elsner et al. (2012) with permission from Oxford University Press.

leaf epidermis. Using time-lapse imaging and statistical analysis,
they demonstrate that neighboring cells have dramatically dif-
ferent growth rates (Figure 3). Remarkably, individual walls of
the same cell often have different growth rates (Figure 3C). In
addition, cells were found to be highly dynamic, often changing
their growth rates over time (Figure 3B, outlined in black). Elsner
et al. found no correlation between growth rate and cell size,
nuclear size, or anisotropy, suggesting that there is no obvious
external cause for differences in growth rate. Similarly to leaves,
cell growth variability has been observed in the plant meris-
tem, suggesting that growth variability may be a general trend
(Kierzkowski et al., 2012; Uyttewaal et al., 2012). Is cell growth
variability due to stochasticity, or has the source for promoting
variability not yet been identified? The answer requires further
investigation.

Substantial variability in the timing of cell division has been
observed in the Arabidopsis sepal epidermis (Roeder et al., 2010).

Live imaging of sepal development and tracking of cell lineages
have revealed two sources of variability. First, in dividing cells,
the length of the cell cycle ranged from about 12 h to more than
60 h (Figure 4D). Second, differences were found in the time at
which cells stop dividing (i.e., exit the mitotic cell cycle) and enter
endoreduplication, a cell cycle in which cells grow and replicate
their DNA but bypass division (i.e., become polyploid). As a con-
sequence, mature sepals contain cells with a range of ploidies from
2 to 16C. A similar pattern of cells with ploidy varying from 2 to
16C is present in the leaf epidermis, suggesting that variability in
the timing of endoreduplication occurs broadly (Melaragno et al.,
1993). The cells continue to grow while they endoreduplicate,
such that the 16C cells become giant, stretching about one-fifth
the length of the sepal. Giant cells are distributed between smaller
cells with a wide range of sizes and ploidies (Figure 4A).

Are cell cycle length and timing of entry into endoreduplica-
tion stochastic in the sepal epidermis? A stochastic computational
model can reproduce the in vivo sepal cell size distribution, which
reflects both cell cycle length and endoreduplication state, indi-
cating that stochasticity is a plausible scenario (Figures 4A,E;
Roeder et al., 2010). In the model, cells make random decisions
shaped by probability distributions that reflect the experimen-
tal data about cell cycle length and endoreduplication timing
(Figure 4D).

The model was further tested to determine whether it could
reproduce the effects of biological perturbations in the cell
cycle (Roeder et al., 2010). Altering the expression of cell
cycle regulators, such as cyclin-dependent kinase inhibitors, was
shown to change the probability of endoreduplication, indicat-
ing that stochasticity can be genetically regulated. When cyclin-
dependent kinase inhibitors were overexpressed, the number of
highly endoreduplicated giant cells found on the sepal epider-
mis increased; however, the outcome was still probabilistic, as
not all cells endoreduplicated (Figure 4B). Changing the proba-
bility distribution in the model replicated the mutant (Figure 4B
model), suggesting that the underlying decision is still stochas-
tic. Conversely, in a cyclin-dependent kinase inhibitor mutant,
the most highly endoreduplicated giant cells are absent, but the
remaining cells still exhibit considerable variability (Figure 4C).
Again, the phenotype of the mutant could best be modeled as a
shift in the probability distribution of the timing of endoredupli-
cation (Figure 4C model). Further, the finding that the epidermal
specification pathway in Arabidopsis promotes this variability
in sepal cell size suggests that developmental regulators some-
times promote stochasticity in cell behavior (Roeder et al.,
2012). Interestingly, overall sepal organ size does not significantly
change when mutations that alter a cell’s ability to endoredu-
plicate are introduced (Roeder et al., 2010). How organ mor-
phology is robust to the stochasticity in cell size requires future
investigation.

In addition to cell growth and division, the orientation of the
new cell wall is somewhat variable. Recently, both Dupuy et al.
(2010) and Besson and Dumais (2011) have used mathematical
modeling to predict the probability with which a cell will divide
along a given plane for a variety of plant cells. Their models sug-
gest that the probability with which a cell chooses a given division
plane is related to differences in the geometry of the choices.
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FIGURE 4 | Timing of Arabidopsis sepal epidermal cell division and

entry into endoreduplication is variable. (A) Wild type sepals (the
outermost, green, floral organs) have a diversity of cell sizes on the outer
epidermis ranging from giant cells (false colored red in SEMs) to small
cells (not colored). A stochastic computational model that accounts for cell
cycle length and entry into endoreduplication can accurately predict the
distribution of sepal cell sizes from wild-type plants. In the model, cells are
colored according to the number of endocycles they have undergone (red
= 3, purple = 2, green = 1, and blue = 0). (B,C) Changing the expression
of cyclin dependent kinase inhibitors (CKI) alters the probability of entry
into endoreduplication and the resulting cell size distribution. As the model

predicts, (B) plants overexpressing cyclin-dependent kinase inhibitor KRP1
form ectopic giant cells, but islands of small cells remain between giant
cells. Note that the sepals curve outward. (C) Likewise the model predicts
that plants mutant for cyclin-dependent kinase inhibitor LGO continue to
have variable smaller cell sizes. Note that the sepals curve slightly inward.
(D) The duration of the cell cycle amongst sepal cells is highly variable and
ranges from 12 to more than 60 h. (E) A histogram of the cell sizes
produced in the random model (red dashed line) is not significantly
different from measured cell sizes in the sepal (blue line). This figure is
modified and reprinted from Roeder et al. (2010) under the Creative
Commons Attribution license.

In the 1880s, Errera suggested that the new cell wall takes on
the configuration that minimizes its surface area. If two possi-
ble planes of cell division have nearly equal surface areas, the cell
will adopt each plane with nearly equal frequency (Besson and
Dumais, 2011). If one possible plane of cell division has a much
lower surface area than the second possibility, the first plane has
a much higher probability of being chosen. Besson and Dumais
demonstrated that plant cells do in fact divide probabilistically as
predicted: the second, third, and even fourth most optimal divi-
sion planes can be observed. Complementary to those results,
it has recently been demonstrated that auxin transcriptional
response is important in breaking the default geometric rule

to promote asymmetric cell divisions in the developing embryo
(Yoshida et al., 2014). This suggests that genetic components can
influence the probability that a cell will adopt a particular division
plane.

The examples presented above imply that plants utilize
stochastic mechanisms throughout their lives. Nevertheless, even
when cell growth, division and orientation are altered, a plant still
has the ability to create organs with robust morphology. Thus,
does stochasticity in cellular development really matter? We next
look to examples from other systems to see how regularity can
emerge from stochasticity and assess the implications of these
studies for plant development.

Frontiers in Plant Science | Plant Evolution and Development September 2014 | Volume 5 | Article 420 | 45

http://www.frontiersin.org/Plant_Evolution_and_Development
http://www.frontiersin.org/Plant_Evolution_and_Development
http://www.frontiersin.org/Plant_Evolution_and_Development/archive


Meyer and Roeder Stochasticity in plant cellular development

STOCHASTICITY CAN PRODUCE REGULAR PATTERNS
DURING DEVELOPMENT
Frequently during development, cells differentiate and form
highly organized patterns to determine the finalized function
of a tissue. Recent studies are now finding that noisy cel-
lular processes often initiate these robust developmental pro-
cesses. Thus, how does a tissue reach the same reproducible
developmental outcomes when the events leading to them are
stochastic? Here we will discuss examples in which stochastic-
ity has been demonstrated to facilitate reproducible phenotypic
outcomes.

STOCHASTICITY PROMOTES CELLULAR PHENOTYPIC HETEROGENEITY
Stochasticity can be instrumental in producing regular develop-
ment through initiating a diversity of cell types from a uniform
population of cells. For example, cancer cell populations often
exhibit subpopulations of different phenotypic cell types, where
the proportions of each subpopulation remain remarkably con-
stant over time. The ability for cancer cells to maintain this
cell-state equilibrium has been the subject of immense research
and debate for many years, but recent studies counterintuitively
implicate stochasticity in the maintenance of equilibrium (Gupta
et al., 2011; Wang et al., 2014). For example, in human breast
cancer cell populations, cells trend toward equilibrium among
three morphologically distinct cell subtypes: stem cell-like, lumi-
nal, and basal, where luminal or basal cells make up the majority
of the population and stem cell-like cells make up the minor-
ity (Fillmore and Kuperwasser, 2008; Mannello, 2013). Although
stem cell-like cells only constitute a small percentage of total can-
cer cell population, researchers have assumed that they are likely
to be the most important cell type because of their ability to self-
renew and differentiate into the other cancer cell types (Mannello,
2013).

Gupta et al. (2011) demonstrated that stochastic processes are
necessary to promote breast cancer cell-state equilibrium. Using
fluorescence-activated cell sorting, Gupta et al. purified stem cell-
like, basal, and luminal cells from two breast cancer cell lines
(SUM149 and SUM159) and saw that after 6 days, these isolated
cell types regenerated populations containing all three cell types
in their original proportions, thus returning to a state of equi-
librium (Figures 5A–C). Given the behavior of these cells, Gupta
et al. proposed that cells undergo stochastic interconversions
between different cell-states. Using a Markov-based approach—
which assumes that the probability for a cell to transition is
based solely on its current state and not its previous state—they
modeled probabilistic transitions between cancer cell subtypes
(Figure 5D).

Through experiments Gupta et al. show that in returning
to equilibrium, cultured cancer cells and mouse models actu-
ally undergo the cell state transitions that are predicted by the
stochastic model, some of which are unexpected. For exam-
ple, the model predicts that approximately 1 day after sorting,
a sharp spike of luminal differentiation will occur from stem
cell-like SUM159 cells. As predicted, this spike is observed exper-
imentally. The most insightful prediction of the model is that
luminal and basal cells can de-differentiate back into cancer stem
cells, a process observed in the sorted populations. These results

imply that killing cancer stem cell-like cells is not an effective
strategy because differentiated cells may revert back into stem
cell-like cells. Thus, stochasticity is not only needed to maintain
phenotypic diversity in cancer cells but may also serve as a valu-
able mechanism for maintaining phenotypic equilibrium during
development.

Based on this study, we might similarly hypothesize that
stochasticity within plant cell division is necessary to maintain
cell size diversity in the epidermis. Similar to the cancer model,
transitions in sepal cell state have been modeled probabilistically
(Figure 5E; Roeder et al., 2010), but it should be noted that sepal
epidermal cells are unable to interconvert or revert once a cell
size has been established. Despite the variability, sepals typically
have similar proportions of cells in each size class, and having
the correct proportions of these cells is necessary for the organ’s
final function. Forming the correct number of highly endoredu-
plicated giant cells is critical for controlling the curvature of
the sepal (Figure 4A). Arabidopsis sepals curve inward to pro-
tect the developing flower bud and then straighten to allow the
flower to bloom. In plants in which the cell cycle has been altered
to increase the number of giant cells, the sepals curve exces-
sively outwards (Figure 4B) (Roeder et al., 2010, 2012). However,
when there are no giant cells, the sepals curve excessively inwards
(Figure 4C). Thus, although the overall size of the sepal is not
affected by changes in the distribution of cell size, the curvature
is, which likely affects the sepals’ ability to protect the developing
floral organs. Thus, we see that stochasticity can be important for
regular development through ensuring a diversity of cell types.
Next, we consider the mechanism through which stocasticity
can initiate this cellular diversity and its regulation to generate
patterns.

PATTERNING MECHANISMS ARE INITIATED THROUGH
STOCHASTICITY
Biologists oftentimes regard cell fate determination in well-
defined systems as being highly regulated. For example, during
multicellular development, a cell must acquire a specific cell fate
in contrast to its neighbor to create cell patterns in order to define
a tissue’s final structure and function. One common patterning
mechanism is lateral inhibition, in which one cell sends out an
inhibitory signal to prevent its neighbors from adopting the same
identity. Although lateral inhibition has been well-studied, the
mechanism by which it is initiated is still a mystery. However,
increasing evidence suggests that stochasticity is required to ini-
tiate many of these lateral-inhibition patterning mechanisms,
one of which has been explored experimentally in Notch-Delta
signaling.

The Notch-Delta signaling pathway is an excellent model of
lateral inhibition in animals, where it induces cell pattering in a
variety of development processes, including neural differentiation
in Drosophila and vertebrates (Morrison et al., 2000; Wakamatsu
et al., 2000; Kubu et al., 2002). Notch is a transmembrane recep-
tor protein. Activation occurs when Notch, which resides on the
membrane of one cell, interacts with a Delta ligand that resides on
the neighboring cell (i.e., trans-activation). This activation causes
proteolytic cleavage of the intracellular Notch domain, which
translocates into the nucleus and acts as a transcription factor
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FIGURE 5 | Stochasticity maintains phenotypic diversity in cell

populations. (A) Cancer cell subpopulations [stem cell-like cells (SL; red),
basal (green), and luminal (blue)] were sorted using fluorescence-activated
cell sorting (FACS) to isolate cell type specific populations. After 6 days
post-sorting, each of the isolated populations expanded to contain all
three cell subtypes, suggesting that all three cell types can interconvert
stochastically between different cell states. (B) Graph showing the
proportion of SL, basal, and luminal cells in two cancer cell lines before
sorting. (C) Cells were FACS sorted to produce populations with a single
pure cell type. The graph shows the that 6 days after sorting the
proportion of SL, basal, and luminal cells in each of these populations
has returned nearly to the starting proportions. (D) Schematic diagrams
depicting the stochastic cell state transitions between cell types for each
cell line. Reprinted from Cell, 146/4, Gupta et al. (2011) Copyright, with
permission from Elsevier. (E) A probabilistic model for the

endoreduplication of a population of Arabidopsis epidermal cells. A 2C
cell (blue) may either randomly decide with the probability p1 to either
enter endoreduplication or mitotically divide. If the cell enters
endoreduplication in the first cell cycle, it will continue to endoreduplicate
until it becomes a 16C giant cell (red). If the cell undergoes mitotic
division, then each daughter cell has a random probability p2 of entering
endoreduplication. If a cell enters endoreduplication in the second cell
cycle, then it will continue to endoreduplicate until it becomes an 8C cell
(purple), whereas if it mitotically divides, then each daughter cell will
once again have a random probability p3 of entering endoreduplication or
dividing. If in the third cell cycle a cell enters endoreduplication, then it
will become a 4C cell (green), whereas if it doesn’t it will remain a 2C
(blue) cell. Those final 2C cells have the probability ps to become a
stomatal cell (yellow). This figure is reprinted from Roeder et al. (2010)
under the Creative Commons Attribution license.
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to activate Notch-responsive genes (Figure 6A; del Álamo et al.,
2011).

The Delta ligand has additionally been implicated in inhibiting
Notch activity within its own cell (i.e., cis-inhibition) (Figure 6B).
Cis Notch-Delta interactions are thought to mutually inhibit
one another, where Notch inactivates expression of Delta and
vice versa. This inhibitory interaction is assumed to make a cell
less receptive to receiving trans-Delta signals from its neighbor-
ing cells (del Álamo et al., 2011). The ability for Notch to be
trans-activated and cis-inhibited by Delta suggests that a cell’s
responsiveness to Delta signaling depends on Notch-Delta con-
centration ratios. During patterning, how does an imbalance in
Notch and Delta expression occur between identical neighboring
cells such that one cell expresses more Delta whereas the other cell
expresses more Notch?

To explore this question, Sprinzak et al. (2010) investigated the
transcriptional response of Notch when subjected to different lev-
els of either cis or trans-Delta in cell culture. The authors observed
that when Notch is exposed only to varying levels of trans-Delta,
Notch responds in a graded manner. Conversely, when Notch
is exposed to a strong pulse of cis-Delta, Notch is inactivated.
As the cis-Delta concentrations become diluted over time, Notch
remains inactivated until cis-Delta reaches a particular dilution
threshold, which then prompts a sharp spike of Notch activation.

These observations were modeled with the major assump-
tion that Notch and cis-Delta mutually inhibit each other. In this
model, Sprinzak et al. found that mutual inactivation between
Notch and Delta induces a sensitive “switching” environment.
In other words, small stochastic concentration changes of either
Notch or Delta will lead to a cell being in a “sending state” (i.e., a
cell exhibits high Delta concentrations and low Notch concentra-
tions) or a “receiving state” (i.e., high Notch concentrations but
low Delta concentrations) (Figure 6C). The validity of this model
was tested through simulations that mimicked cellular wing-vein
boundaries in Drosophila. These simulations not only successfully
recapitulate the developmental processes seen in wild type, but
also the phenotypes seen Notch and Delta mutants. This model
demonstrates that a small amount of random noise is sufficient
to induce a genetic switch, causing one cell to become different
from its neighbor. Once a cell adopts either a sending or receiving
state, typical Notch-Delta lateral inhibition intercellular signaling
propagates throughout the tissue to produce a regular pattern of
spaced specialized cells. Thus, regular patterning could not occur
without stochastic fluctuations in Notch and Delta to initiate the
process (Figure 1D).

Although Notch-Delta signaling is not present in plants, lateral
inhibition is an important patterning mechanism, particularly
in the spacing of trichomes (hair cells) on leaves and non-
root hair cell files in the root (Hülskamp and Schnittger, 1998;
Lee and Schiefelbein, 2002; Schellmann et al., 2002; Scheres,
2002; Schiefelbein, 2003). The mechanism of trichome spacing
is thought to follow an Alan Turing reaction-diffusion model
(Meinhardt and Gierer, 1974; Hülskamp, 2004; Benítez et al.,
2007; Morelli et al., 2012). According to the model, during
leaf development, equivalent cells will start to express low lev-
els of trichome-specific transcriptional activators. The activators

FIGURE 6 | Stochasticity initiates lateral inhibition-based patterning.

(A) A simplified model of the Notch-Delta pathway. When
transmembrane receptor Notch on one cell interacts with ligand Delta on
the neighboring cell, Notch is cleaved and intracellular domain
subsequently moves to the nucleus to trans-activate Notch-responsive
genes (NRG). (B) However, if Delta interacts with Notch in the same cell,
Notch is inhibited and unable to activate NRGs. Additionally, Notch
becomes less responsive to trans-Delta. (C) When Notch and Delta are
present in the same cell, they mutually inactivate one another. This
creates a “switching” environment, where small concentration
imbalances between Notch and Delta due to stochastic fluctuations will
either cause a cell to transition to a sending state (high delta, low notch)
or a receiving state (low delta, high notch) thus activating the patterning
process. Reprinted with permission from MacMillan Publishers Ltd:
Sprinzak et al. (2010). (D) Computational models of de novo trichome
patterning based on Meinhardt’s model, which suggests that trichome
patterning is initiated via small stochastic changes in activator and
inhibitor concentrations in equivalent cells (left to middle). Regulatory
positive feedback loops to amplify small concentration differences. In
addition inhibitor factors prevent surrounding cells from differentiating
into trichomes producing a spaced pattern (middle to right). Reprinted by
permission from MacMillan Publishers Ltd: Hülskamp (2004).
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up-regulate their own expression forming a positive feedback
loop. These activators also activate a set of rapidly diffusing
inhibitors, which will move to the neighboring cells and inhibit
expression of the activators. Since all cells initially start with
equal concentrations of activators and inhibitors, stochastic fluc-
tuations in activator concentration are required to initiate the
autoregulatory feedback loop in a few cells that leads to the
accumulation of activators and the specification of trichome iden-
tity (Figure 6D; Benítez et al., 2008; Bouyer et al., 2008; Dupuy
et al., 2008). Simultaneously, the inhibitors diffuse rapidly to
accumulate in surrounding cells blocking trichome identity in
the neighbors. Thus—similar to lateral inhibition with Notch-
Delta signaling—stochasticity in the levels of regulatory proteins
is required to initiate the patterning mechanisms that break the
symmetry of identical cells and to allow neighboring cells to adopt
different identities.

REGULATION OF STOCHASTIC MECHANISMS
While stochasticity is often needed to initialize cellular decisions,
regulatory mechanisms are often utilized to stabilize those deci-
sions. For instance, in Saccharomyces cerevisiae, yeast cells must
determine a single bud site in order to produce a new daughter
cell. Normally, this occurs via the accumulation of polarity-
regulating factors, such as GTP-Cdc42p and its effectors, at spe-
cific locations marked by immobile landmark proteins (e.g., Rsr1)
(Bender and Pringle, 1989; Toenjes et al., 2004). Remarkably, in
the absence of landmark proteins, yeast still select a single site
for bud polarization and emergence, but the selection occurs at
random (Irazoqui et al., 2003; Wedlich-Soldner et al., 2003).

In this case, regulatory feedback loops are needed to ensure
that only one bud site is chosen. Initial studies using mathemat-
ical modeling suggest that accumulation of polarity complexes
occurs via a positive feedback loop that eventually leads to deter-
mining the polarization axis (Kozubowski et al., 2008; Howell
et al., 2009). However, these models do not fully explain the
observed behavior of polarity factors. Oftentimes, polarity com-
plexes are observed accumulating and re-locating at multiple sites
before a final site is picked. Thus, it is hypothesized that polar-
ity regulator complexes compete with one another until only one
complex is victorious (Goryachev and Pokhilko, 2008; Howell
et al., 2009).

Howell et al. (2012) used high-resolution filming, modeling,
and genetic analyses to investigate the formation of polarity-
regulating complexes in vivo. Howell et al. found that in some
yeast cells, not only do multiple polarity complexes form and
compete with one another, but also that concentrations of these
complexes oscillate, suggesting that these factors may be regulated
via a negative feedback loop. To test this hypothesis, Howell et al.
developed a series of models that tested the consequences of vari-
ous feedback loops on polarity. They saw that when models only
incorporated a positive feedback loop, stochastic concentrations
of polarity regulators were amplified, making cells very sensi-
tive to protein concentration changes and often causing regula-
tors to disperse throughout the plasma membrane (Figure 7A).
Whereas, if negative feedbacks were added to the positive feed-
back in the model, the polarization was more robust because
the negative feedback decreased a cell’s sensitivity to stochastic

FIGURE 7 | Regulatory mechanisms stabilize cellular decisions initiated

by stochasticity. (A) Yeast must select a single bug site and when landmark
proteins are absent the site is selected stochastically. Computational
modeling suggests that both positive and negative feedback loops are
necessary to amplify and yet constrain this random bud polarization to ensure
that a single bud site is selected. In models with only positive feedback
loops, stochastic fluctuations in polarity regulating complexes increase,
causing polarity regulators to either disperse on the plasma membrane or
form large patches (left). However, when negative feedback is added to the
positive feedback model, a cell becomes less susceptible to noise, causing
proper polarization (right). Reprinted from Howell et al. (2012) Copyright, with
permission from Elsevier. (B) BASL undergoes polarity switching during
asymmetric cell division in Arabidopsis. BASL (green) accumulates on the
cell periphery farthest from the intended division plane. Once asymmetric
division occurs, BASL disappears (gray) and re-accumulates on the farthest
cell periphery of the newest daughter cell. When two equivalent locations in
the periphery of the cell are available for BASL accumulation, BASL appears
to pick one randomly. This raises the question of whether BASL accumulation
is regulated by a similar stochastic mechanism to that observed in bud site
selection in yeast. The blue dot represents the formation of a guard mother
cell, the red dot represents nuclei with BASL accumulation, and the yellow
dot represents nuclei without BASL accumulation. Adapted from Robinson
et al. (2011). Reprinted with permission from AAAS.

concentration changes (Figure 7A). This suggests that even if a
cell employs stochastic mechanisms, the overall noise may be
partially filtered through feedback loops (Figure 1C). Filtering
stochasticity via genetic regulation has also been observed in other
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biological systems. For example, during Caenorhabditis elegans
development, skn-1 normally buffers stochasticity in the intestinal
specification gene network. Mutations in skn-1 cause downstream
genes to become susceptible to random fluctuations of expres-
sion, which consequently generates phenotypic variation during
intestinal cell differentiation (Raj et al., 2010).

Conversely, models of phyllotaxy (i.e., the spacing pattern of
primodia emerging from the meristem) emphasize how robust
patterns can emerge from cellular interactions that retain a high
level of stochasticity (Jeune and Barabé, 2006; Jönsson et al.,
2006; Smith et al., 2006; Stoma et al., 2008; Mirabet et al., 2012).
However, careful analyses of phyllotactic patterning reveal that
noise at the local level can have visible consequences at the
whole-organism scale. For instance, fluctuations in the tempo-
ral sequence of organ initiation can cause permutations in the
sequence of primordia initiations, leading to new phyllotactic
angles between successive siliques along the stem (Mirabet et al.,
2012; Besnard et al., 2014). Altogether, this suggests that stochas-
ticity is not simply buffered out, but plays a regulatory role in
pattern formation in both plants and animals.

In plants, an analogous example of cell polarity generation
is BASL-mediated asymmetric division in stomatal patterning.
BASL polarizes as a crescent in the periphery of the cell located
opposite the position where the next asymmetric stomatal lin-
eage division will occur (Dong et al., 2009). BASL also localizes
dynamically to the nucleus (Dong et al., 2009).

Interestingly, in stomata lineage cells, BASL has been shown
to undergo polarity switching to establish the orientation of the
asymmetric cell divisions in a similar manner to Cdc24—one of
the polarity regulating proteins needed for yeast bud site selec-
tion. In stomatal precursor cells, BASL is initially localized in
the nucleus and the cell periphery farthest from the future site
of the asymmetric division plane (Dong et al., 2009; Robinson
et al., 2011). Once asymmetric division occurs, BASL will re-
localize once again to the cell periphery farthest from this new
cell wall, switching polarity post-mitosis (Figure 7B; Dong et al.,
2009; Robinson et al., 2011). In a few instances, however, stom-
atal precursor cells have symmetric geometry with respect to the

new cell wall, in which case BASL has equal probability of local-
izing on either side of the cell (Figure 7B; Robinson et al., 2011).
In this case, only one polarity site is chosen, and it has been sug-
gested that small stochastic fluctuations of BASL are instrumental
in the random choice of wall.

How BASL localizes and undergoes polarity switching is cur-
rently unknown. However, deletion variant studies have shown
that the C-terminal region of BASL is needed for peripheral cell
wall localization and is sufficient to rescue the basl-1 phenotype
(Dong et al., 2009). As more information about BASL is revealed,
it will be interesting to see whether it is subjected to regulated
stochasticity as observed in yeast bud site selection.

STOCHASTIC PROCESSES ARE MODULATED VIA MECHANICAL
PROPERTIES
The cellular arrangement of the interfollicular epidermis is
another example of how regular patterns can arise via stochas-
tic processes. In the mouse ear, the epidermis is arranged into
columnar structures of hexagonal keratinocytes. Keratinocytes
differentiate from the underlying cells, which are produced by
the proliferative cells in the basal cell layer (Figure 8; Solanas and
Benitah, 2013).

It has long been hypothesized that the interfollicular epidermis
is organized into “epidermal proliferative units.” The epidermal
proliferative units hypothesis assumes that underlying the cen-
ter of each keratinocyte column, there is a slow-cycling stem cell
in the basal layer, which will give rise to transient amplifying
daughter cells. These daughter cells will then eventually differen-
tiate into keratinocytes (Allen and Potten, 1974; Potten, 1981).
This model assumes that epidermal proliferative units are spa-
tially constrained because each keratinocyte must be supported
by an underlying basal cell.

Recently, a new model—which challenges the epidermal pro-
liferative unit model—maintains epidermal homeostasis without
use of a slow-cycling stem cell. This model suggests that all cells in
the basal layer are equivalent and can give rise to daughters with
three random cell fates: (1) two proliferating basal cells, (2) two
cells differentiating into keratinocytes, or (3) one proliferating

FIGURE 8 | Stochasticity promotes tissue reproducibility in mouse ear

epidermis. In the mouse interfollicular epidermis, regular columns of
keratinocytes in the stratum corneum differentiate from cells in an
underlying basal layer. A new model suggests that the daughters of
mitotically dividing basal cells within the basal layer adopt three potential
fates in a stochastic but probabilistic manner: (1) two mitotically dividing

basal cells, (2) two post-mitotic differentiating basal cells, or (3) one
mitotically dividing basal cell and one post-mitotic differentiating basal cell.
Post-mitotic cells differentiate into flattened hexagonal keratinocytes and
the mechanical properties of the cell shape ensure the regularity of the
stratum corneum. Reprinted with permission from MacMillan Publishers
Ltd: Solanas and Benitah (2013).
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basal and one differentiating keratinocyte (Figure 8; Clayton
et al., 2007). In this model, each fate exists with equal probabil-
ity, creating a balance between cells undergoing proliferation and
differentiation. One of the key predictions of this model is that the
spatial arrangement of basal cells is random and doesn’t correlate
with that of the keratinocytes above it (Clayton et al., 2007).

Doupé et al. (2010) investigated whether the spatial arrange-
ment of mouse ear epidermal cells was random. Using quantita-
tive genetic cell lineage tracing and 3D imaging, the authors saw
that basal cells often crossed the columnar boundaries and gave
rise to the three proposed random cell fates. Additionally, by look-
ing at the time distribution of the cell cycle, the authors showed
that entry into cell cycle varied stochastically. These results over-
all imply that tissue organization within the mouse ear epidermis
follows the stochastic model. Thus, if basal cell fate and division
is random, how is tissue reproducibility achieved?

The authors propose that the morphological and physical
constraints caused by the flattened hexagonal shape of the ker-
atinocytes causes them to pack into regular columns, thus filtering
out the stochasticity in the underlying basal cells (Figure 8).
Furthermore, the authors suggest that undifferentiated basal cells
may be regulated through contact inhibition and only divide
when a cell leaves the layer through differentiating as a ker-
atinocyte. These constraints allow for the generation of new
keratinocytes without the presence of slow-cycling stem cells or
transient amplifying cells. This model is very attractive for main-
taining epidermal tissue homeostasis and easily explains how the
epidermis is able to recover after injury. In several other biolog-
ical systems, mechanical constraints also ensure tissue regularity
despite stochasticity of cellular actions (Martin et al., 2009; Pouille
et al., 2009; Marinari et al., 2012).

Mechanical feedback loops can also amplify stochastic differ-
ences between cells to promote organogenesis in the plant shoot
apical meristem. The shoot apical meristem is an organized pro-
liferating structure that generates all the aerial plant tissues and
organs. The SAM is made up of three zones: (1) the central zone,
which consists of a small population of stem cells needed to main-
tain the meristem, (2) the surrounding peripheral zone, where
primordia grow to give rise to successive organs, and (3) the rib
meristem, which gives rise to the stem (Murray et al., 2012). In the
meristem, the cells generally start out isotropic but transition into
being anisotropic as the primordia emerge. Cortical microtubule
dynamics have been shown to play an important role in facili-
tating this transition. The cortical microtubules orient along the
principal direction of tensile stress in cells (Hamant et al., 2008;
Sampathkumar et al., 2014). Cellulose synthase complexes track
along the cortical microtubules to deposit new cellulose microfib-
rils in the cell wall (Paredez et al., 2006), which reinforce the wall
to resist stress and orient growth.

Uyttewaal et al. (2012), used a cell-based 2D model to show
that a cell’s response to mechanical stress (mediated by corti-
cal microtubules) influences growth homeostasis by modulating
intercellular growth variability. The Uyttewaal et al. model is
based upon four major assumptions: (1) each cell has its own
intended growth rate; however, the actual growth rate of one cell
must partially compensate for the intended growth rates of its
neighboring cells; (2) because cell activity is inherently noisy, each

cell’s intended growth rate is subjected to stochastic fluctuations
causing cellular heterogeneity amongst a population of cells; (3)
cell growth is symplastic; cells do not migrate or detach from
one another; (4) differential growth rates between adjacent cells
generate a local pattern of mechanical stress, triggering cortical
microtubules and cellulose microfibrils to reorient themselves to
promote local anisotropic growth.

Through testing different growth scenarios in the model, the
authors observed in silico that increasing the ability of a cell to
respond to mechanical stresses (i.e., those caused by differential
growth) decreases the potential for a population of cells to have
variable growth rates, thus promoting homogeneous cell growth.
In other words, contiguous cells with distinct intended growth
rates can reach a growth compromise via mechanical interactions,
thus buffering stochasticity in the growth rate. However, if the
mechanical stress feedback surpasses a particular threshold, cells
switch from having a homogenized growth rate to a highly vari-
able growth rate (Figure 9A). As cells respond strongly to growth-
derived stresses, the rapid reorientation of their microtubules
leads to a modification of their anisotropic growth, which fur-
ther increases the growth heterogeneity between adjacent cells
in a positive feedback loop, thus amplifying stochastic differ-
ences to promote differences between cells. Overall, this model
predicts that local mechanical stresses—induced by differential
growth—can either reduce or promote growth heterogeneity.

Analysis of growth in real meristems rather supports the lat-
ter scenario—that mechanical stress feedback amplifies stochastic
differences between cell growth rates. For example, regions where
stress levels are the most directional (e.g., the boundary between
the meristem and an emerging organ) are also the regions where
growth is the most heterogeneous (Figure 9B). Conversely, reduc-
ing the ability for meristematic cells to respond to mechanical
stress in the microtubule-severing mutant katanin results in more
homogeneous growth. Remarkably, stochasticity, in relation to
mechanical stress, acts as an instructing signal that actively main-
tains a level of variability. Such high variability may promote
cells to undergo differential growth rates at a lower cost and
thus potentiate organogenesis (Figure 9B; Uyttewaal et al., 2012).
Further work is required to analyze whether a similar scenario is
occurring in other plant and animal contexts.

A TRANSCRIPTION FACTOR PROMOTES STOCHASTICITY IN PLANT
CELL DIVISION
Genetic mechanisms can also enhance stochasticity to promote
regularity in organogenesis. Schiessl et al. (2012) demonstrated
that the transcription factor JAGGED promotes stochasticity in
the cell division and isotropic growth in initiating sepal primor-
dia on the flanks of the floral meristem. Schiessl et al. performed
dynamic 3D analysis of cell geometry, growth and DNA syn-
thesis of wild type and jagged-1 mutant sepal primordia and
compared it to the isotropically growing floral meristem. In this
study, Scheissl et al. found that without JAGGED, the sepal pri-
mordium loses its ability to grow anisotropically, resembling the
floral meristem. Additionally, Schiessl et al. discovered that in
both the floral meristem and jagged-1 sepal primordia, cell cycle
and cell volume are linked, where a certain cell volume must be
attained to initiate entry into S phase of the cell cycle. Whereas
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FIGURE 9 | Mechanical stress and genetics can enhance stochasticity

to promote heterogeneous growth. (A,B) Mechanical feedback loops can
amplify variability in cellular growth rates to direct morphogenesis. (A)

Microtubule (green) orientation is initially random when little mechanical
force is exerted on cells. If some cells grow more rapidly than their
neighbors (top and bottom cells in the left panel), they exert a force on the
slower growing cells (in the middle). Once force surpasses a particular
threshold (red arrows), microtubules will re-orient in a parallel manner to
induce anisotropic growth that resists the mechanical stress. This further
amplifies differential growth between neighboring cells. (B) On the organ
scale, mechanical stress can amplify differences in growth rates to promote
tissue morphogenesis. The shoot apical meristem (blue) endures increased
mechanical stress and anisotropic growth in the peripheral zone, where the
organ primordium is emerging (orange to red). Cortical microtubules (green)

(Continued)

FIGURE 9 | Continued

orient parallel to the emerging organ. Reprinted from Uyttewaal et al.
(2012), Copyright, with permission from Elsevier. (C) JAGGED promotes
variability by uncoupling cell size from the cell cycle in the organ primordia.
In the floral meristem, cells grow isotropically and must reach a certain size
to divide. This figure was reproduced from Schiessl et al. (2012), Copyright
Elsevier. (D) JAGGED represses expression of the cyclin-dependent kinase
inhibitors KRP2 and KRP4 to promote variability. Double and triple mutants
with jag-1, krp4-1, and krp2-3 partially rescue the jag-1 phenotype,
suggesting that JAG initiates cellular variability partially through repression
of KRPs. Reprinted from Schiessl et al. (2014).

in wild-type sepal primordia, no correlation is found between S
phase and cell volume (Figure 9C). This suggests that JAGGED is
needed to uncouple the cell cycle from cell volume, which overall
leads substantial variability in sepal cells.

Interestingly, mutations in JAGGED have no major influence
on sepal primordia emergence. This suggests that cellular hetero-
geneity is not a prerequisite for initial organ outgrowth in the
flower. However, jagged-1 mutants generate shorter and narrower
petals and sepals. This raises the intriguing possibility that cell
heterogeneity may be important for proper organ growth and
morphology.

In 2014, Schiessl et al. performed Chip-Seq to identify
gene targets of JAGGED. In their analysis, they found that
JAGGED repressed various genes, including cyclin-dependent
kinase inhibitors KRP2 and KRP4, which have previously been
shown to control G1 to S-phase transitions during the cell cycle.
This finding supports the argument that JAGGED induces cell
proliferation during floral development. Furthermore, Schiessl
et al. created double and triple mutants with jagged-1, krp4-1 and
krp2-3. Remarkably, these mutants resulted in a partial rescue of
the jagged-1 phenotype (Figure 9D). Thus, JAGGED promotes
cellular variability—partially through repression of KRPs—and
the regular growth of the floral organs. We have a lot more to learn
about how this cellular heterogeneity contributes to the regularity
of organ growth.

CONCLUSION AND PERSPECTIVES
It is not always easy to recognize stochasticity because it is often
underlies regulated biological events. Nevertheless, many mecha-
nisms take advantage of stochasticity to initiate important deci-
sions necessary for proper development (Figure 1). Stochasticity
is critical for creating small differences between identical neigh-
boring cells. This does not suggest that deterministic regulation
is not important during development. On the contrary, genetic
and mechanical feedback loops are essential for amplifying this
noise to solidify developmental decisions as well as for suppress-
ing excess noise that could lead to deleterious developmental
outcomes. These feedback loops are often instrumental in induc-
ing patterning mechanisms that ensure regular development of
the tissue. Thus, regular development often requires stochasticity
to initiate the process.

As the role of stochasticity during multicellular development
becomes more apparent, it is necessary to develop new quan-
titative technology to study it, notably to assess and compare
averages together with standard deviations. In unicellular systems,
the development of single-cell fluorescence assays has led to the
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rapid progression of knowledge about stochasticity in gene regu-
lation. However, in multicellular systems, we need to create new
techniques to effectively study stochasticity.

Studying stochasticity is challenging because it is a behavior,
not a gene function, and therefore you cannot simply knock out
or overexpress it to analyze its function. Thus, techniques that
abate or enhance stochastic behavior must be developed to study
the consequences of stochasticity during development. In a recent
paper from Dar et al. (2014), noise-modulating compounds (e.g.,
chromatin remodeling factors) were successfully used to enhance
or reduce noise. Therefore, using noise-modulating compounds
to manipulate stochasticity seems promising for studying the
role of stochasticity in asymmetric cell response and should be
explored in other biological systems.
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Abstract 

Multicellular development produces patterns of specialized cell types. Yet, it is often 
unclear how individual cells within a field of identical cells initiate the patterning 
process. Using live imaging, quantitative image analyses and modeling, we show that 
during Arabidopsis thaliana sepal development, fluctuations in the concentration of the 
transcription factor ATML1 pattern a field of identical epidermal cells to differentiate 
into giant cells interspersed between smaller cells.  We find that ATML1 is expressed in 
all epidermal cells. However, its level fluctuates in each of these cells.  If ATML1 levels 
surpass a threshold during the G2 phase of the cell cycle, the cell will likely enter a state 
of endoreduplication and become giant. Otherwise the cell divides. Our results 
demonstrate a fluctuation-driven patterning mechanism for how cell fate decisions can be 
initiated through a random yet tightly regulated process. 

 

 

Introduction 

One of the fundamental questions in developmental biology is how patterns of 

specialized cell types are formed de novo from a field of identical cells. Wolpert’s French 

flag model proposes that a group of identical cells differentiate into different cell types 

based on threshold concentrations of a morphogen gradient (Wolpert, 1996). Each cell 

responds to the morphogen individually by expressing specific sets of downstream genes 

determined by the concentration sensed. This model has successfully explained the 

formation of various animal tissue patterns ranging from Bicoid anterior-posterior 

patterning in Drosophila to BMP dorsal-ventral axis patterning in Xenopus (Eldar et al., 

2002; Houchmandzadeh et al., 2002; Kondo and Miura, 2010; Spirov et al., 2009; Tucker 

et al., 2008). In plants, traditional morphogens have yet to be observed, although it has 

been argued that the phytohormone auxin acts as an atypical morphogen that is actively 

transported to regulate plant morphogenesis (Bhalerao and Bennett, 2003).    
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In contrast to the morphogen gradient paradigm, many patterning phenomena 

seem to lack specific localized signaling cues. In these cases, it is not known how 

identical cells become slightly different from their neighbors to initiate the patterning 

process. Theoretical approaches suggest a role for small differences of key transcriptional 

regulators, generated for example by stochastic fluctuations (Collier et al., 1996; 

Hülskamp and Schnittger, 1998; Hülskamp, 2004; Meinhardt and Gierer, 1974; Turing, 

1952). In these models, subtle initial differences between identical neighboring cells in 

activators and inhibitors are amplified and solidified through regulatory feedback loops 

and cell-to-cell communication to establish different cell fates (Kondo and Miura, 2010; 

Meyer and Roeder, 2014). For instance, in a computational model of lateral inhibition 

where Notch and Delta mutually inhibit one another in the same cell, small stochastic 

changes in Notch or Delta can flip a switch between cell identities (Sprinzak et al., 2010). 

Subtle concentration changes in Notch or Delta may change a cell’s signaling ability and 

either push cells into a sending state (i.e. high Delta/low Notch) or a receiving state (i.e. 

high Notch/low Delta). These changes subsequently are amplified through cell-to-cell 

Notch-Delta signaling to create ordered patterns (Collier et al., 1996; Formosa-Jordan 

and Ibañes, 2014; Sprinzak et al., 2010). While manipulating Notch-Delta levels in 

individual mammalian cells supports this model (Matsuda et al., 2015; Sprinzak et al., 

2010), these dynamic fluctuations are difficult to detect during tissue patterning within a 

multicellular system. A similar lateral inhibition model has been proposed to explain 

trichome (i.e. hair cell) spacing in plants (Digiuni et al., 2008; Hülskamp and Schnittger, 

1998; Hülskamp, 2004; Meinhardt and Gierer, 1974). In these trichome models, initially 

identical cells can acquire subtle differences through brief stochastic fluctuations of 
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transcriptional activators. These activators amplify both their own expression and the 

expression of faster-diffusing transcriptional repressors that move to the neighboring cell 

to create a non-random distribution of trichomes, following a Turing-like model 

(Hülskamp, 2004; Meinhardt and Gierer, 1974; Turing, 1952). Several transcriptional 

regulators needed for trichome patterning have been identified that support this model 

(Bouyer et al., 2008; Greese et al., 2014; Hülskamp and Schnittger, 1998; Hülskamp, 

2004; Schellmann et al., 2002). However, the stochastic fluctuations of these genes 

remain to be observed in vivo during trichome development.  

Most biological examples of stochasticity focus on how noise is buffered during 

development, suggesting that multiple species have evolved genetic regulatory 

mechanisms to offset the potentially detrimental effects of noisy gene expression (Abley 

et al., 2016; Arias and Hayward, 2006; Besnard et al., 2014; Heisler et al., 2005; 

Houchmandzadeh et al., 2002; Howell et al., 2012; Jönsson et al., 2006; Meyer and 

Roeder, 2014; Raj et al., 2010; Reinhardt et al., 2003; Smith et al., 2006). However, a few 

studies have demonstrated the importance of stochasticity in creating the correct 

distribution of phenotypes within a population of cells. For instance, during Drosophila 

retinal development, the transcriptional regulator spineless stochastically turns on or off 

to generate a proportional but randomly distributed population of photoreceptor subtypes 

(~30% ultraviolet/blue sensitive and ~70% ultraviolet/green sensitive; Wernet 2006). 

Without the stochastic dynamics of spineless expression, all cells adopt the same fate 

(Wernet et al., 2006; Johnston and Desplan, 2014). Similarly, a stochastic Markov model 

illustrates how a tumor can maintain phenotypic equilibrium between different cancer 

cell subpopulations. In this model, isolated cancer subpopulations will return to their 
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respective proportions over time through stochastic interconversions (Gupta et al., 2011). 

These studies suggest that stochasticity can help different cell populations to reach or 

maintain the correct phenotypic equilibrium.  

During the development of Arabidopsis thaliana’s outmost floral organ, the sepal, 

equivalent epidermal cells in the primordium differentiate to produce a scattered pattern 

of giant cells that are interspersed between smaller cells (Figure 1; Roeder et al., 2012; 

Roeder et al., 2010; Tauriello et al., 2015). The sepal is a useful model system because 

the giant cell patterning process can be live imaged from the earliest stages of initiation 

through giant cell differentiation. At maturity, giant cells are approximately one-fifth the 

length of the sepal and form when an epidermal cell undergoes multiple rounds of 

endoreduplication, an alternative cell cycle in which a cell replicates its DNA without 

undergoing mitotic division (Figure 1C-G; Roeder et al., 2010). Mature sepals typically 

contain the same proportion of giant cells relative to small cells, although their spatial 

distribution varies from sepal to sepal and giant cells may even form adjacent to one 

another (Figure 1C-F). The correct proportion of giant cells and small cells is needed to 

control the curvature of the sepal; when the proportion of giant cells is altered, sepals are 

unable to enclose and protect the developing floral organs (Roeder et al., 2010; 2012). 

Thus, we ask how giant cell patterning initiates and reproducibly produces the correct 

proportion of giant cells for proper sepal curvature.   

We have previously shown that giant cells do not form on the sepal epidermis in 

plants with loss-of-function mutations in Arabidopsis thaliana MERISTEM LAYER1 

(ATML1; Roeder et al., 2012), which encodes a class IV homeodomain-leucine zipper 

transcription factor (Lu et al., 1996; Nakamura et al., 2006; Schrick et al., 2004).  
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Previous research has indicated that ATML1 is necessary for establishing the epidermal 

cell layer during early embryogenesis (Lu et al., 1996; Roeder et al., 2012; Sessions et al., 

1999; Takada and Jürgens, 2007). Plants doubly mutant for atml1 and its closely related 

paralog, protodermal factor 2, lack an epidermal layer and are thus seedling lethal (Abe 

et al., 2003; Ogawa et al., 2015). Conversely, ectopic expression of ATML1 results in 

inappropriate differentiation of epidermal cell types in the inner cell layers of leaves 

(Peterson et al., 2013; Takada et al., 2013). This result suggests that expression of 

ATML1 can promote cells to adopt epidermal-specific cell identity in tissues other than 

the epidermis.  

ATML1 is required for the formation of giant cells, however only a subset of cells 

expressing ATML1 become giant in the Araidopsis sepal epidermis. This raises the 

question of what patterning mechanism could lead to a scattered pattern of giant cells 

interspersed between smaller cells. Here we use live imaging, quantitative image analyses 

and computational modeling to demonstrate that fluctuations in the concentration of the 

transcription factor ATML1 initiate the pattern of giant and small cells in the Arabidopsis 

sepal. 

 

Results 

ATML1 works in a dosage-dependent manner  

To determine how ATML1 specifies giant cells when it is expressed in every cell, 

we overexpressed ATML1 in the epidermis by approximately 5-fold by using the 

PROTODERMAL FACTOR1 (PDF1) promoter (pPDF1::FLAG-ATML1; Figure 2A and 

2G ;(Abe et al., 2001; 2003; San-Bento et al., 2014). ATML1 overexpression lines 
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produced sepals almost entirely covered in giant cells (Figure 2A). Since giant cells 

endoreduplicate (16-32C; Roeder et al., 2010), we tested whether ATML1 

overexpression also induced endoreduplication. As expected, the proportion of highly 

endoreduplicated epidermal nuclei from ATML1 overexpression line sepals increased 

(Figure 2I, red bars). These sepals contained a greater proportion of 16C and 32C giant 

cells than wild type, and on occasion a few cells even underwent an additional endocycle 

(64C; Figure 2I, red bars). In addition, we have previously demonstrated that giant and 

small epidermal cells can be distinguished with two molecular markers (Roeder et al., 

2012). To test whether our ATML1 overexpression line sepals confer giant cell identity, 

we crossed them with plants expressing the giant and small cell markers.  In these crossed 

sepals, the giant cell marker was expressed in almost every epidermal cell and the small 

cell marker was expressed only in a few remaining small cells (Figure 2J and 2K). 

Overall, these results suggest that high levels of ATML1 are sufficient to induce sepal 

epidermal cells to adopt giant cell identity and can force a deterministic all-giant cell 

pattern.     

 Since ATML1 is expressed in every epidermal cell (Abe et al., 2003; Lu et al., 

1996; Roeder et al., 2010; 2012; Sessions et al., 1999) and ATML1 overexpression leads 

to an ectopic all-giant cell phenotype, we wondered whether epidermal cell identity 

specification is sensitive to the dosage of ATML1. We altered levels of ATML1 

genetically to test whether that would change the proportion of giant cells in the sepal 

epidermis (Figure 2A-F). First, we reduced levels of ectopic ATML1 expression by 

crossing our ATML1 overexpression line with wild type plants, resulting in plants 

containing only one copy of the ATML1 overexpression transgene. These hemizygous 
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plants formed ectopic giant cells, but fewer than the homozygous overexpression lines, 

and had more small cells (Figure 2B). To reduce ectopic ATML1 levels further, we 

crossed ATML1 overexpression hemizygotes into an atml1-3 mutant background, 

removing endogenous ATML1 expression. This resulted in plants with even fewer ectopic 

giant cells and more small cells (Figure 2C). To test dosage dependency further, we 

examined atml1-3 heterozygous mutant plants. These plants had fewer giant cells than 

WT but more than atm1-3 homozygous mutants (Figure 2D, E and F). We verified 

through qPCR that inflorescences from each of these ATML1 dosage genotypes expressed 

different amounts of ATML1 as expected (Figure 2G). Additionally, we used flow 

cytometry to quantify endoreduplication and semi-automated image processing to 

measure cell size (Figure 2H and 2I; (Cunha et al., 2010; Roeder et al., 2010) . Each 

dosage genotype exhibited proportional changes in ploidy and cell size. Together, these 

results suggest that ATML1 influences giant cell formation in a dosage-dependent 

manner, where the amount of ATML1 expressed will determine the proportion of giant 

cells that form in the sepal. 

 

ATML1 levels differ between neighboring sepal cells   

The dosage dependency of ATML1 suggests that the level of ATML1 expression in 

each sepal is critical for establishing giant cell and small cell patterning. Furthermore, 

moderate overexpression of ATML1 prompts only some cells to become giant (Figure 

2A-F), suggesting that either cells exhibited varying responses to the same ATML1 

concentration or that ATML1 concentrations varied between cells. To quantify ATML1 

levels in individual cells during sepal development and distinguish between these 
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possibilities, we created a mCitrine-ATML1 fusion protein reporter (pATML1::mCitrine-

ATML1)  and transformed it into atml1-3 mutant plants (Figure 3). This reporter 

expresses mCitrine-ATML1 under the putative native ATML1 promoter and 3’ UTR. We 

recovered two independent transgenic lines that fully rescue the atml1-3 loss-of-giant cell 

mutant phenotype (Figure 3A-D; Materials and Methods).  Both lines exhibited similar 

behavior, thus we focused our analysis on one of them. Overall, these results suggest that 

our mCitine-ATML1 fusion protein functions similarly to endogenous ATML1 (Figure 

1C-F; 3A-D).  

To quantify mCitrine-ATML1 fluorescence in each epidermal cell of early 

developing sepals and floral meristems, we developed and implemented an image 

analysis pipeline  (Box 1). We observed that in the developing sepal, mean normalized 

mCitrine-ATML1 concentrations differ between individual nuclei (Figure 3G-J; sepals 

show a mean coefficient of variation (CV) of approximately 0.2). Conversely in the floral 

meristem, which does not form giant cells, mCitrine-ATML1 concentrations are more 

uniform (Figure 3 E-F and I-J; meristems show a mean CV of approximately 0.1). In 

particular, we can see that although monomodal, the distribution of ATML1 

concentrations in individual nuclei is broader in the sepal than in the meristem, both for 

lower and higher values (Figure 3J). This suggests that ATML1 concentration behaves 

differently depending on the developmental context. To see whether other genes also 

exhibit variable expression similarly to mCitrine-ATML1 in the developing sepal nuclei, 

we measured the expression of the SEC24A transcriptional reporter (pSEC24A::H2B-

GFP). SEC24A is a ubiquitously expressed CopII vesicle-coat protein that is involved in 

vesicle trafficking from the ER to the Golgi and has been previously reported to influence 
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giant cell formation on the sepal (Qu et al., 2014). We found that mCitrine-ATML1 

concentrations were approximately twice as variable as pSEC24A::H2B-GFP (Figure 3I, 

Supplemental figure 1; SEC24A sepals show a mean CV of approximately 0.12), -

suggesting that varying expression levels in sepal epidermal cells is not a common 

feature observed for every gene. 

 

Live imaging shows mCitrine-ATML1 fluctuates in developing sepal cells 

Since ATML1 levels differ between cells and higher ATML1 levels increase the 

proportion of giant cells in the sepal, we hypothesized that in wild type sepals ATML1 

levels fluctuate in all epidermal cells, with only some cells passing a threshold to promote 

giant cell fate.  According to this hypothesis, to become a giant cell, a sepal epidermal 

cell would need to experience a high concentration of ATML1 above a threshold. In 

contrast, to become a small cell, a sepal epidermal cell would experience only lower 

concentrations of ATML1 that fall below the threshold while fluctuating.  

To determine whether ATML1 fluctuates within single cells, we live imaged the 

mCitrine-ATML1 reporter in developing sepal primordia every 8 hours until giant cells 

formed and used our image analysis pipeline to track fluorescence in each nucleus over 

time (Figure 4A; Supplemental figure 2A; 3A and 4A; Box 1; Supplemental movie 1, 2 

and 3). We found that during early sepal development, epidermal cells not only have 

varying amounts of mCitrine-ATML1, but also that mCitrine-ATML1 levels fluctuate 

within individual cells over time (Figure 4A-C; Supplemental figure 2A-C; 3A-C; 4A-C).  

After specification, giant cells immediately enter endoreduplication during early 

sepal development and endoreduplicating nuclei can be recognized by their size and 
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shape (Roeder et al., 2010). We therefore classified nuclei that start to endoreduplicate 

and become 8C or higher as giant cell nuclei. We verified this by following giant cell 

differentiation throughout our live imaging series and by comparing these nuclei to nuclei 

of giant cells defined by cell size in sepals expressing a plasma membrane marker 

(Supplemental figure 5).  

To assess whether cells destined to be giant have fluctuations of ATML1 that 

reach higher peak concentrations than cells destined to be small, we tracked mCitrine-

ATML1 levels in sepal primordia throughout our live imaging series (Figure 4C; 

Supplemental figure 2C; 3C; and 4C). We observed that cells that eventually become 

giant generally exhibit fluctuations reaching higher concentrations of mCitrine-ATML1 

before endoreduplication initiates than cells that mitotically divide.  However, we 

observed high fluctuations in some cells that divided to become small cells (Figure 4C; 

Supplemental figure 2C; 3C and 4C). To quantitatively determine whether there was an 

ATML1 concentration threshold that could discriminate between cells that would become 

giant or cells that would remain small, we assessed how well mCitrine-ATML1 

concentration peaks in each cell lineage were able to discriminate between giant cell and 

small cell fate. To do this, we measured the peak concentration of mCitrine-ATML1 in 

cells that either go on to divide (small) or endoreduplicate (giant) and performed a 

receiver operator characteristics (ROC) analysis using these two classes (Figure 4D and 

E; Supplemental figure 2D and E, 3D and E and 4D and E; (Chao et al., 2015; Schröter et 

al., 2015; Teles et al., 2013). In this type of analysis, the ratio of correctly and incorrectly 

classified cells (i.e. the true positive rate (TPR) and false positive rate (FPR)) is 

calculated for a varying threshold value, providing a characteristic curve. The area under 
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this curve (AUC) provides a measure of accuracy for predicting cell fate based on 

ATML1 concentration (1 being perfect and 0.5 no better than random classification). We 

observed an average AUC of 0.74 in our different datasets, highlighting the predictive 

power of ATML1 concentration peaks in discriminating small versus giant cell fate 

(AUC= 0.76, 0.69, 0.73, 0.78; Figure 4E; Supplemental figure 2E, 3E and 4E). 

Additionally, for each case we were then able to infer an optimum ATML1 concentration 

threshold that provides maximum separation between the cells that become giant and 

cells that remain small, i.e. the concentration value that maximizes the difference 

between TPR and FPR. We considered this threshold to be indicative of the ATML1 

concentration required to trigger endoreduplication for the majority of cells in a given 

sepal. 

In summary, we show that the heterogeneity in ATML1 among cells in the sepal 

primordium can be explained by dynamic cell-autonomous fluctuations, where giant and 

small cell fate are strongly correlated with the concentration of ATML1 reached. Cells 

with high concentration fluctuations of ATML1 will likely endoreduplicate and become 

giant, whereas cells with low concentration fluctuations will likely go on to divide and 

remain small.  

 

G2 phase of the cell cycle gates specification of giant cells 

Since the decision to endoreduplicate causes a cell to bypass mitosis (Figure 1G; 

(Inzé and De Veylder, 2006; Sugimoto-Shirasu and Roberts, 2003), we wondered 

whether high levels of ATML1 needed to occur at a particular stage of the cell cycle to 

modulate cell-fate decisions. It has been previously demonstrated that in Arabidopsis 
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there is a linear correlation between nuclear size and cell ploidy (Jovtchev et al., 2006). 

Using our live imaging data, we therefore characterized cell cycle stages by ploidy at 

each time point, using nuclear size as a proxy, where 2C is associated with cells being in 

G1 and 4C is associated with cells being in G2 (See Box2 and Material and Methods for 

ploidy determination). Next, we compared peak concentration levels of mCitrine-ATML1 

in individual cell lineages during both the 2C and 4C ploidy states of the cell cycle 

immediately before entry into either mitosis or endoreduplication (Figure 4F-I; 

Supplemental figure 2F-I; 3F-I and 4F-I). We found that in the preceding cell cycle, both 

small cells and giant cells show similar peak levels of mCitrine-ATML1 in 2C (Figure 

4F; Supplemental figure 2F; 3F and 4F). Our ROC analysis shows that ATML1 

concentration peaks during the G1 (2C) stage are not predictive of cell fate (AUCs=0.54, 

0.37, 0.43, 0.37; Figure 4G; Supplemental figure 2G; 3G and 4G). In contrast, most cells 

that experience relatively high peak concentrations of mCitrine-ATML1 while in 4C 

endoreduplicate and become giant cells (Figure 4H, J-Q; Supplemental figure 2H, J-Q; 

3H, J-O and 4H, J-Q). Our ROC analysis is consistent with this observation, showing that 

ATML1 concentration peaks in 4C are strongly predictive of cell fate (AUCs=0.80, 0.80, 

0.80, 0.84; Figure 4I; Supplemental figure 3I, 4I and 5I).  

 Overall, these results suggest that a cell is competent to respond to high levels of 

ATML1 mainly during G2 to induce giant cell formation.  

 

A model with stochastic fluctuations of ATML1 reproduces giant cell patterning 

Since ATML1 fluctuates in individual sepal epidermal cells and higher levels of 

ATML1 induce giant cells in G2, we asked whether a simple computational model that 
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exhibits cell-autonomous fluctuations of ATML1 is sufficient to recapitulate giant cell 

patterning observed in our experimental data.  In our model, we implemented a simplified 

regulatory network, where ATML1 stochastically fluctuates in a growing tissue (Figure 

5A and B; Materials and Methods). In this model, we assume that in every cell there is a 

basal amount of ATML1 being produced as well as an amount being linearly degraded. 

In addition, ATML1 engages in a self-catalytic feedback loop, as ATML1 has a putative 

ATML1 binding site in its own promoter and ATML1 has been shown to bind this motif 

in vitro (Abe et al., 2001; Takada and Jürgens, 2007).  Additionally, induction of ectopic 

ATML1 activity for 7 days in seedlings shows an increase of endogenous ATML1 

expression 1.5 to 2 fold, suggesting the possibility of a weak feedback loop (Takada et 

al., 2013). 

ATML1 is a transcription factor that regulates the expression of downstream 

genes. Therefore, to induce endoreduplication, ATML1 likely directly or indirectly 

regulates the expression of a downstream cell cycle regulator (e.g. cyclin/CDK/cyclin-

dependent kinase inhibitor). We therefore assigned ATML1 to activate a downstream 

target that inhibits cell division and promotes entry into endoreduplication. Only if the 

downstream target passes its own specific threshold in G2, does it successfully drive a 

cell to endoreduplicate to form a giant cell (Figure 5A, C; Supplemental figure 6). Hence, 

we expect a few cells to divide even if their ATML1 concentrations go above the 

threshold because the target’s threshold is not reached. This is consistent with our live 

imaging data, where in some cases mCitrine-ATML1 concentrations exceed the giant cell 

threshold in 4C but the cells go on to divide (Supplemental figure 3N).  Furthermore, we 

expect that a few giant cells will form when ATML1 approaches but does not exceed the 
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threshold because the target stochastically passes its own threshold (Supplemental figure 

6C). These circumstances create what we term a soft ATML1 threshold (Figure 5A). 

 In the model, different ploidy and cell division checkpoints were determined 

using a linearly increasing timer variable, which represents the cell cycle. The time resets 

with every cell division with a small amount of noise (Figure 5A; Material and Methods; 

Supplemental figure 6 A, B; Supplemental movie 5). 

The model qualitatively reproduced our experimental data and led to a scattered 

pattern of giant cells in a growing tissue (Figure 5B, Supplemental movie 5).  

Specifically, dynamic fluctuations in ATML1 and in the target during G2 enable a subset 

of cells from the developing tissue to become giant cells (Figure 5C-E; Supplemental 

figure 6). We found parameter values that produced wild type-like sepals, in which the 

distributions of ATML1 levels and the number of giant cells were similar to those 

observed experimentally (Figure 3H; 5D; Materials and Methods). Furthermore, lowering 

the intensity of the stochastic fluctuations in the model prevented it from matching the 

experimental data (Supplemental figure 7).  

To test whether our model could recapitulate G2-mediated giant cell fate 

specification, we performed a ROC analysis on the simulated time traces, mimicking the 

analysis performed on the experimental data (Figure 5F-G and Supplemental figure 8). 

Consistent with our experimental observations, we found lower AUC values in 2C stages 

than in 4C, indicating that high ATML1 levels during the G2 phase of the cell cycle are 

important for giant cell fate commitment (Figure 5F-G and Supplemental figure 8 A-E). 

To further study whether our model could recapitulate our experimental data, in which 

some fluctuations might be missed due to the 8-hour interval live imaging, we tested 
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whether our AUC analysis would still give similar results when studying the simulated 

time traces with lower time resolution. We therefore subsampled our simulated data to 

generate coarse time series, with 80 times lower time resolution than the simulated time 

step, and we still detected the same trends (Supplemental figure 8F-J). 

As previously mentioned, ATML1 is thought to act in a positive feedback loop. 

We therefore explored different feedback strengths in the parameter space to determine 

the robustness of our model. With no feedback or low feedback strengths, we could 

qualitatively match the experimental ROC analysis (Supplemental figures 8K-N; 9A-B). 

In contrast, we were unable to match our experimental data with high feedback strengths 

because AUC values were predictive of giant cell identity in both 2C and 4C 

(Supplemental figures 8 K-N; 9C-D). Higher feedback strengths stimulate large and slow 

fluctuations between high and low levels (Supplemental figure 9C-D). This produced a 

long tail (Supplemental figure 9C) or bimodal distribution of ATML1 concentrations 

(Supplemental figure 9D), which do not reflect our experimental observations. 

In order to confirm that endoreduplication can occur only if the target reaches a 

threshold in G2, we simulated a simpler model where cells could commit to 

endoreduplication if the target reaches its threshold at any point throughout the cell cycle. 

In contrast to our experimental data, these simulations led to ATML1 exhibiting high 

AUC values in both 2C (G1) and 4C (G2) (Supplemental figure 8O-P). These results 

reaffirm our hypothesis that a cell’s ability to respond to the target must be restricted to 

G2 in order for ATML1 to be predictive only in the G2 phase of the cell cycle. 

 Hence, our model shows that fast and relatively small stochastic fluctuations of 

ATML1 are sufficient to pattern giant and small cells in the sepal. ATML1 activates a 
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downstream target, which if activated in G2, will induce endoreduplication. The 

dynamics of the ATML1-target network creates a soft ATML1 threshold during G2. 

 

Threshold-based mechanism is consistent with increased giant cell formation in 

ATML1 overexpression lines 

Given that high ATML1 levels during the G2 stage of the cell cycle are associated 

with giant cell formation, we wondered whether all epidermal cells were expressing 

ATML1 above the giant cell threshold in our ATML1 overexpression sepals to produce an 

ectopic giant cell phenotype. To explore this, we increased basal ATML1 levels in our 

stochastic model. Our model proposed that increasing the basal production of ATML1 

would push all cells to endoreduplicate to create giant cells (Figure 6A). To validate our 

model, we live imaged early sepal development every 8 hours in plants that had GFP-

ATML1 expressed under the PDF1 promoter, which produce the ectopic giant cell 

phenotype (Figure 7A; Supplemental figure 11A and 12A; Supplemental movie 6, 7 and 

8). As expected, for a promoter with an ATML1 binding site, PDF1::GFP-ATML1 levels 

fluctuated in individual cells (Figure 7B and C; Supplemental figure 11B and 11G, 12B 

and 12G).  

We next tested whether most epidermal cells surpassed the ATML1 threshold in 

G2 to induce endoreduplication. Since very few cells divide in our pPDF1::GFP-ATML1 

sepals, we could not directly infer this threshold through ROC analysis from this data as 

before. Therefore, we derived a common ATML1 concentration threshold from the live 

imaging data of our pATML1::mCitrine-ATML1; atml1-3 flowers (Supplemental figure 

10), by performing ROC analysis using mean normalized ATML1 concentrations for 
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each flower (Materials and Methods). Applying this threshold to the pPDF1::GFP-

ATML1 data, we observed that almost all endoreduplicating cells exhibited high peak 

levels of GFP-ATML1 in G2, above the common threshold (Figure 7D-J; Supplemental 

figure 11C-G; 12C-G). This is in contrast to wild type, where only a few cells reach the 

ATML1 concentration threshold (Figure 4). Rarely, cells that exhibit a high level of GFP-

ATML1, start to endoreduplicate but then divide, in an exception to the general finding 

that endoreduplicating cells do not divide (Supplemental figure 11D, F). Combined, these 

data suggest that our overexpression line follows the same threshold-based cell-

autonomous fluctuation patterning mechanism; the increased basal GFP-ATML1 

expression from the PDF1 promoter raises ATML1 production levels such that almost all 

sepal epidermal cells surpass the giant cell fate-inducing threshold during G2.  

Since our model predicted that over-expressing ATML1 leads to an ectopic giant 

cell phenotype, we asked whether our model could qualitatively reproduce the other 

ATML1 dosage phenotypes we had observed with our genetic dosage series. We found 

that changing the basal ATML1 production rate was sufficient to gradually increase the 

total amount of the ATML1 in the modeled tissue, and accordingly, the fraction of giant 

cells in the sepal (Figure 6). These results, together with our dosage analysis, show that 

there is positive relationship between graded ATML1 levels and the fraction of giant cells 

produced in the tissue (Figure 2 and 6).  

 

The dynamics of ATML1 fluctuations are independent of LGO and 

endoreduplication  
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We have previously published that a cyclin dependent kinase inhibitor, LOSS OF 

GIANT CELLS FROM ORGANS (LGO), is required for giant cell formation; LGO 

triggers endoreduplication once giant cell fate has been established (Roeder et al., 2012).  

To verify that LGO acts genetically downstream of ATML1 to establish giant cells, we 

crossed our ATML1 overexpression line (pPDF1::FLAG-ATML1) to our lgo-2 mutant, 

which exhibits a loss-of-giant cell phenotype (Figure 8C). Plants homozygous for both 

the lgo-2 mutation and the overexpression transgene do not form giant cells, 

demonstrating that LGO activity is required downstream of ATML1 for formation of 

giant cells.  

Since LGO acts downstream of ATML1, we hypothesized that ATML1 

fluctuations should be unaltered in the lgo-2 mutant, which fail to endoreduplicate. In this 

scenario, we would expect the same number of lgo-2 nuclei to surpass the ATML1 

threshold in G2 as in wild type. Cells that pass the threshold would still divide because 

they are unable to endoreduplicate. To test this, we live imaged our mCitrine-ATML1 

reporter in the lgo-2 mutant background (Figure 8A; Supplemental figure 13A and 14A; 

Supplemental movie 9, 10 and 11). These plants still exhibited mCitrine-ATML1 

fluctuations, suggesting that ATML1 fluctuates independently of LGO (Figure 8B, E-J; 

Supplemental figure 13 B-F; 14B-F).  We applied the common ATML1 concentration 

threshold derived from pATML1::mCitrine-ATML1; atml1-3 flowers (see previous 

section) to predict the number of giant cells that would have formed exclusively based on 

the threshold mechanism (ATML1 concentration peaks above threshold during G2 ; 

Materials and Methods). We found no significant differences between the predicted 

number of giant cells in the lgo-2 mutant and the observed number of giant cells in wild 
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type (Figure 8D-F; Supplemental figure 13C-D, 14 C-D). This suggests that a cell may 

still fluctuate to high levels of ATML1 in G2 but without LGO, cells cannot respond to 

these fluctuations to trigger endoreduplication. Since the absence of LGO does not seem 

to change the dynamics of ATML1, this result further indicates that ATML1 fluctuations 

are independent of endoreduplication. 

 

Discussion 

Here, we have identified a cell-autonomous fluctuation patterning mechanism for 

specifying cell fate in a multicellular system (Figure 9). During Arabidopsis sepal 

development, the pattern of giant cells and small cells in the epidermis is initiated 

through fluctuations of the transcription factor ATML1. Using live-imaging, quantitative 

image analyses and mathematical modeling, we have revealed that cells in which 

ATML1 levels surpass a soft threshold during the G2 phase of the cell cycle have a high 

probability of establishing giant cell identity and entering endoreduplication. A sepal 

epidermal cell is only competent to respond to ATML1 fluctuations during a window of 

time defined by G2 stage of the cell cycle.   

Strikingly, our fluctuation-patterning model resembles Wolpert’s French flag 

model in that each individual cell makes an autonomous fate decision based on the 

concentration of a key developmental regulator. Our model however deviates from the 

French flag model because it utilizes internal fluctuations instead of a diffusible 

morphogen to generate concentration differences. Concentration threshold-based 

patterning mechanisms have been traditionally viewed as being non-robust because they 

are sensitive to small perturbations in concentrations. Often additional mechanisms are 
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needed achieve robustness (Eldar et al., 2002; 2003; Kondo and Miura, 2010). This 

sensitivity to small changes in concentration is consistent with our results in the sepal, 

where giant cell formation is highly responsive to changes in the basal production of 

ATML1. Interestingly however, in wild type plants, the number of giant cells varies only 

slightly from sepal to sepal, falling within a small range (10-30). This indicates that these 

fluctuations together with a threshold must be tuned to ensure that the correct proportion 

of giant cells form on the sepal.  Our data suggests that the cell cycle acts as a stabilizing 

factor to restrict giant cell fate decisions similarly to secondary mechanisms used in other 

biological systems.  

A few recent studies have similarly demonstrated that the cell cycle provides a 

window of opportunity for making cell fate decisions. However, these studies suggest 

that G1 is the critical phase for specification. During G1, there is a growth factor-

dependent restriction point, where a cell determines whether to enter quiescence (G0) or 

progress through the cell cycle.  Cyclin/Cyclin Dependent Kinase (CDK) activity is 

normally reduced during the restriction point, providing a window for cells to receive 

extracellular signals necessary for cell fate decisions (Blagosklonny and Pardee, 2002; 

Blagosklonny et al., 2002). This has been nicely demonstrated in human embryonic stem 

cells, where a stem cell’s ability to differentiate into an endodermal cell is dependent 

upon receiving TGF-β-Smad2/3 signals during this restriction point in early G1, when 

CyclinD levels are low (Pauklin and Vallier, 2013). In addition to transient Cyclin/CDK 

expression, some studies have found that cells extend their G1 phase immediately before 

differentiation.  This may allow cell fate inducing factors to reach sufficient levels to 

induce differentiation (Calegari et al., 2005; Collart et al., 2013). How G1 lengthening 
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occurs is still under debate. However one recent study showed that increasing a cell’s 

nuclear to cytoplasmic ratio dilutes the concentration of DNA replication factors’ which 

results in a prolonged G1 phase (Collart et al., 2013). Additionally, Singh et al. showed 

that chromatin changes associated with the M-G1 transition cause transcriptional 

leakiness of many prodifferentiation genes, which prime cells to respond to cellular 

differentiation signals (Singh et al., 2013). 

We have found that a sepal epidermal cell’s window to differentiate occurs not in 

G1 but in G2, suggesting a different manner of regulation than in G1-gated 

determination. For instance, cell fate decisions governed by the G1 phase of the cell cycle 

must often receive an extracellular signal to activate prodifferentiation genes instead of 

going into G0 quiescence.  In contrast, our model suggests ATML1 fluctuations could be 

sufficient to pattern the sepal without a need for an extracellular signal.  Alternatively, 

ATML1 could be priming the cell to receive a signal during the G2 phase of the cell 

cycle. We have previously reported that ACR4 (a transmembrane receptor kinase; 

(Gifford et al., 2003; 2005; Watanabe et al., 2004; Roeder et al., 2012) and DEK1 (a 

transmembrane calpain protease; (Liang et al., 2013; Lid et al., 2002; 2005; Roeder et al., 

2012) act in the giant cell formation pathway, suggesting that intercellular signaling may 

assist in promoting giant cell fate decisions. An epistasis analysis between ACR4, DEK1 

and ATML1 reveals that during giant cell formation, ACR4 acts upstream of ATML1 but 

that DEK1 acts downstream (Supplemental figure 15). These results are in opposition to 

what has been previously published about these genes during embryogenesis, where 

DEK1 acts upstream of ATML1 and ACR4 acts downstream (Abe et al., 2003; Gifford et 

al., 2003; Johnson et al., 2008; San-Bento et al., 2014; Takada et al., 2013; Tanaka et al., 
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2002). One possibility for these results is that ACR4 and DEK1 may act together with 

ATML1 in a feedback loop (Galletti and Ingram, 2015). As previously discussed (see 

Introduction), computational models propose that in tissues where no localized signals 

are present, stochastic fluctuations of transcriptional regulators create subtle differences 

between identical cells which initiate feedback loops including intercellular signaling to 

create the pattern (Meyer and Roeder, 2014). While our current model suggests that giant 

cell fate can be predicted through cell autonomous mechanisms, it will be interesting to 

see if ACR4 and DEK1 act to help establish or maintain giant cell fate or to propagate 

giant cell patterning in the developing sepal.  

To facilitate the entry into endoreduplication, ATML1 may need to activate a 

downstream target that only functions during G2 phase of the cell cycle. One possible 

ATML1 target is the Siamese-related CDK inhibitor LGO. LGO acts genetically 

downstream of ATML1 in the giant cell pathway to promote endoreduplication once 

giant cell identity is acquired (Figure 9C; Roeder et al., 2012). It is not yet exactly 

understood how CDK inhibitors like LGO function in promoting endoreduplication 

because evidence suggests that they interact with cyclin-CDK complexes during both G1-

S and G2-M transitions (Churchman et al., 2006; Kumar et al., 2015; Van Leene et al., 

2010).  It is hypothesized that SIAMESE and LGO control the entry into 

endoreduplication by inhibiting G2-M transitions (Kalve et al., 2014; Roodbarkelari et 

al., 2010; Van Leene et al., 2010). It will be interesting to test whether the G2 

responsiveness of ATML1 arises due to direct or indirect regulation of LGO.  

 There are a few examples that support the idea that G2 can be important for post-

mitotic cell differentiation. For instance in Drosophila, changes in protein levels of the 
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homeobox transcription factor Pax6 during the G2-M transition will cause neurogenic 

progenitor cells to specify into different types of post-mitotic neurons (Hsieh and Yang, 

2009). Although Pax6 behaves similarly to ATML1 through controlling cell fate in a 

dosage dependent manner, Pax6 expression remains relatively constant in neurogenic 

progenitor cells until the G2/M phase. This indicates that Pax6 does not undergo random 

fluctuations like ATML1, but is likely regulated by an upstream factor.  Other examples 

of G2 mediated cell fate decisions include the development of secondary vulval precursor 

cells, where precursor cells require high levels of LIN-12 mediated signaling during G2 

to commit to secondary cell fates (Ambros, 1999), and Drosophila mechanosensory 

precursor cells, where cells enter a temporary quiescence in G2 to provide a small 

window for proneural determinant gene products to accumulate (Nègre et al., 2003). 

Although both systems use G2 as a window to initiate cell fate decisions, neither has been 

reported to experience fluctuations similar to ATML1.   

Our theoretical model has shown that dynamic stochastic fluctuations in protein 

expression levels provide a mechanism for singling out cells in the developing sepal to 

adopt the giant cell fate. It would be interesting to examine whether other sources of 

noise can shape such fluctuations and contribute to the process of giant cell fate 

commitment. In our giant cell-patterning model, a hard threshold in the downstream 

target produces a soft threshold in the upstream regulator (i.e. ATML1). A soft but still 

reliable threshold can emerge when a target follows the dynamics of its upstream 

regulator. Indeed, our experimental data shows that the ATML1 threshold is soft, but 

robust across different plants. 

40



	  

We have described a cell-autonomous fluctuation-driven patterning mechanism, 

where fluctuations of the transcription factor ATML1 must reach a concentration 

threshold during the G2 stage of the cell cycle to regulate cell fate decisions. This overall 

demonstrates that stochastic processes can be important for creating spatial patterns 

necessary for reproducible tissue development.  
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Materials and Methods 

 

Plant accessions  

Columbia (Col) plants were used as the wild type accession for all genotypes 

except pSEC24A::H2B-GFP which was in Landsberg erecta (Qu et al., 2014). 

atml1-3 (SALK_033408); exhibits a lack of giant cell phenotype. The atml1-3 

mutation is a dosage dependent mutation that contains a T-DNA insertion in the 

homeodomain. The atml1-3 mutation can be PCR genotyped by amplifying with oAR272 

(CAGGCAGAAGAAAATCGAGAT), oAR273 (GAAACCAGTGTGGCTATTGTT) and LBb1 

(GCGTGGACCGCTTGCTGCAACT). 

lgo-2 (SALK_039905); exhibits a lack of giant cell phenotype. The lgo-2 

mutation is a recessive mutation, containing a T-DNA insertion in the third exon. The 

lgo-2 mutation can be PCR genotyped by amplifying with oAR284 

(CTTCCCTCTCACTTCTCCAA), oAR285 (CCGAACACCAACAGATAATT), and JMLB2 

(TTGGGTGATGGTTCACGTAGTGGG) (Roeder et al., 2010).  

dek1-4 plants do not form giant cells. The dek1-4 mutation can be PCR genotyped 

by amplifying with oAR448 (TGTTGGTGGAACAGACTATGTGAATTCA) and oAR449 

(TGAAGACTGAAAGGACAAAAGGTGC) with a 60°C annealing temperature followed by a 4 

hour product digest using BsaAI. 

acr4-24 plants have a severe reduction in the number of giant cells that form. The 

acr4-24 mutation can be PCR genotyped by amplifying with oAR 302 

(ATAGAAGTCCCTGTGAGAACTGCG) and oAR303  (TATGATCATAGTGCGGTCTGTTGG) 
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with a 60°C annealing temperature followed by a 4 hour product digest using HhaI. 

 

All plants used for this analysis were grown in Percival growth chambers with 24-

hour light conditions at 22°C to minimize any diurnal effect on plants.    

 

Accession numbers 

ATML1, AT4G21750; giant cell enhancer trap marker, YJ158; small cell enhancer trap 

marker, CS70134; LGO, AT3G10525; atml1-3, CS68906, SALK_033408; lgo-2, 

CS69160, SALK_039905; pPDF1:: GFP-ATML1, GIL91-4 ; pPDF1::FLAG-ATML1, 

GIL90-5; SEC24, AT3G07100.  

 

Genetic crosses 

 To create genetically altered lines of ATML1 for our dosage series, we first 

crossed PDF1::FLAG-ATML1 plants, which exhibit an all ectopic giant cell phenotype to 

Columbia plants, resulting in F1 plants that were hemizygous for the PDF1::FLAG-

ATML1 transgene (PDF1::FLAG-ATML1/+). To lower amounts of ectopic ATML1 even 

further, PDF1::FLAG-ATML1/+ plants were crossed into the atml1-3 mutant 

background. Using genetic segregation and PCR genotyping, plants containing the 

PDF1::FLAG-ATML1 transgene in an atml1-3 mutant background were recovered and 

analyzed (PDF1::FLAG-ATML1/+; atm1-3/atml1-3). Next, to look at the affects of 

atml1-3 heterozygotes, the Columbia plants were crossed with atml1-3 mutants. The 

resulting F1 plants were analyzed.   

 To assess whether ectopic sepal giant cells from PDF1:: FLAG-ATML1 plants 
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confer giant cell identity, PDF1:: FLAG-ATML1 plants were crossed with plants 

expressing the giant and small cell marker (PAR111 and CS70134; Roeder et al., 2012). 

Plants homozygous for all three transgenes were analyzed.  

 To look at the effects of ATML1 in flowers that lack giant cells, pPDF1::FLAG-

ATML1 plants were crossed with giant cell patterning mutants lgo-2, acr4-24, and dek1-

4. Genotyping PCR was used to identify plants homozygous for pPDF1::FLAG-ATML1 

and either lgo-2, acr4-24, or dek1-4. 

To see how pATML1::mCitrine-ATML1 behaved in lgo-2 mutants,  

pATML1::mCitrine-ATML1  plants were crossed into lgo-2 mutants. Genetic segregation 

analysis and confocal microscopy was used to find pATML1::mCitrine-ATML1; lgo-2 

plants.  

 

Microscopy 

Scanning electron microscopy was performed as previously described (Roeder et 

al., 2010). Briefly, Stage 14 flowers were fixed in an FAA solution (50% ethanol, 5% 

acetic acid, and 3.7% formaldehyde) for 4 hours and dehydrated using an ethanol series. 

Flowers were critical point dried and sepals were dissected. Sepals then were sputter-

coated with platinum palladium and imaged using a LEICA 440 scanning electron 

microscope.  

Analysis of the giant and small cell enhancer fluorescent reporters was performed 

as previously described in (Roeder et al. 2012). Stage 12 medial abaxial sepals were 

stained with Propidium Iodide (PI) and imaged with a Zeiss 710 laser scanning confocal 

microscope. The small cell marker was excited with a 488 nm laser and emission was 
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collected with a 493-516 filter whereas the giant cell enhancer was excited with a 514 nm 

laser and emission was collected with a 519-565 filter. PI emission was collected with a 

599-651 filter. Images were taken with a 10x objective.  

pSEC24A::H2B-GFP was imaged using a Zeiss 710 laser scanning confocal 

microscope. The GFP marker was excited with a 488 nm laser and collected with a 493-

548 filter. Nuclear fluorescence was then calculated using our quantification pipeline.  

Live imaging of each fluorescent reporter line in developing sepals was 

performed as previously described Roeder et al 2010, except for the experimental setup. 

Transgenic plants including pHM44 pATML1::mCitrine-ATML1 (ex. 514 nm at 2%, em. 

519-564 nm ), lgo;pHM44  pATML1::mCitrine-ATML1 (514 nm at 2-2.2%, em. 519-564 

nm) or GIL91-4 pPDF1::GFP-ATML1 (ex. 488 nm at 1-1.5%, em. 493-598) were 

imaged either every 8 hours or every hour using a Zeiss 710 laser scanning confocal 

microscope with a 20x water-immersion objective (numerical aperture = 1.0) . Before 

imaging, plants inflorescences were dissected down to early stage flowers and meristems 

and then taped onto slides. Dissected inflorescences were then stained with PI and 

mounted with a cover slip and imaged. Inflorescences were unmounted, dried, and plants 

were placed upright in the growth chamber for 8 hours before remounting and imaging. 

The resulting images were 3D cropped with ImageJ (Schindelin et al., 2012; Schneider et 

al., 2012) to remove neighboring flowers. mCitrine-ATML1 fluorescence was quantified 

in each nucleus throughout the live imaging series with our pipeline (see below).  

 

DNA and cell size quantification 

45



	  

Flow cytometry was conducted as previously done in(Roeder et al., 2010)  using 

an Accuri C6 flow cytometer. 50-100 stage 12 sepals were dissected from transgenic 

plants containing epidermal GFP-tagged nuclei (pAR180 pML1::H2B-mGFP). Nuclei 

were stained with PI and gated as described previously (Roeder et al., 2010) to isolate 

epidermal nuclei (GFP positive) from internal tissue nuclei (GFP negative). PI 

fluorescence histograms showed the relative DNA content of each population analyzed.   

Ploidy and nuclear area were quantified from DAPI stained sepals as previously 

described (Roeder et al 2010) and imaged with a Zeiss 700. DAPI was excited with a 405 

nm laser and emission collected with a 410-584 nm filter. Images were cropped in 

ImageJ and quantified using ImageJ or our quantification pipeline.   

Cell size analysis was performed by imaging pAR169 (pML1::mCitrine-RCI2A) 

sepals  with a Zeiss 710 confocal microscopy. mCitrine was excited with a 514 nm laser 

and emission was collected with a 519-621 filter. Imaged sepals were semi-automated 

image processed using a MATLAB module, which has been previously published 

(Roeder et al., 2010; (Cunha et al., 2010) to determine cell area.  

 

Transgenes  

To create pHM44 (pATML1::mCitrine-ATML1), a ~6000 bp fragment upstream of 

the ATML1 protein coding region was PCR amplified using oHM23 (ACCGACAATGTA

TGAATGTACTCT) and oHM24 (cggtaccggcgcgccGATGATGATGGATGCCTATCAATTT) and 

cloned into a pGEM-T Easy vector to create pHM20. Additionally, a 1kb region 

downstream of ATML1 protein coding region was PCR amplified using oHM25 (cggtacc

TCGATGTTTTCGGGTAAGCTTTTT) and oHM26 (TTTGATGACTTGGTCTCCATAATTTC) and 
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cloned into pGEM-T easy to create pHM21. pHM21 was cut with SacII and KpnI and 

cloned into pHM20 to make pHM22. A gateway cassette from pXQ (AscI-GW-KpnI in 

pGEM-T easy) was cut with AscI and KpnI and cloned into pHM22 to make pHM23 (Qu 

et al., 2014). Then, pHM23 was cut with NotI and cloned into the pART27 binary vector 

to make pHM43 (pATML1::GW:ATML1 3’UTR). Next, mCitrine was PCR amplified 

using oHM42 (CACCAAAATGGTGAGCAAGGGCGAGGAGCTG) and oHM39 (atACTAGTG

GCCGCTGCCGCAGCGGCAGCCGCAGCTGCTCCGGACTTGTAC) and cloned into pENTR/D-

TOPO vector to make pHM30. ATML1 was PCR amplified using oHM40 (tcggcgcgccCA

CCCTTTTAGGCTCCGTCGCAGGCCAGAGCGGCT) and oHM41 (ccactagtATGTATCATCCAAA

CATGTTCGAATCTCATC) and cloned into pGEM-T easy to make pHM28. ATML1 was 

cut using SpeI and AscI and cloned into pHM28 to make pHM25 (pENTR mCitrine-

ATML1). LR reaction between pHM25 and pHM43 to make pHM44 

(pATML1::mCitrine-ATML1). The atml1-3 rescue line was generated by transforming the 

pHM44 pATML1::mCitrine-ATML1 transgene into atml1-3 mutants using 

Agrobacterium-mediated floral dipping methods (Clough and Bent, 1998).  We recovered 

lines with varying numbers of giant cells, presumably due to varying levels of transgene 

expression. From the lines recovered, two produced the wild type number of giant cells, 

rescuing the mutant phenotype.  Both of these lines showed differing levels of ATML1 

between cells. Therefore, we characterized one of them.  

To create pHM60 (pATML1::H2B-TFP) an LR reaction was performed between 

pAR198 (H2B-TFP in pENTR/D-TOPO) and pHM43. pAR198 was created by 

amplifying TFP with oAR440 (gctgccgctccagctgcagctgccgctATGGTTTCTAAGGGAGAAGAA

ACTACTATG) and oAR438 (cctcgagtcaCTTATAAAGTTCATCCATACCATCAGTAG) 
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and amplifying H2B with oAR369 (caccGGATCCACAATGGCGAAGGCAGATAAG) 

and oAR439 (agcggcagctgcagctggagcggcagcAGAACTCGTAAACTTCGTAACCGC

CTTAG), fusing the two products with PCR and cloning into pENTR/D-TOPO 

(Invitrogen). The pHM60 transgene was transformed into Columbia plants using 

Agrobacterium- mediated floral dipping.  

 To create pHM75 (p35S::GR-mCitrine-ATML1), the DNA encoding the 

glucocorticoid receptor hormone binding domain was PCR amplified using oHM33 (cac

caaaATGGCTAGTGAAGCTCGAAAAACAAAG) and oHM34 (agcggcagcggccgccgctgccgcagcTTT

TTGATGAAACAGAAGCTTTT). In addition, mCitrine was PCR amplified using oHM35 

(GCTGCGGCAGCGGCGGCCGCTGCCGCTATGGTGAGCAAGGGCGAGGAGCT) and oHM39 

(atACTAGTGGCCGCTGCCGCAGCGGCAGCCGCAGCTGCTCCGGACTTGTAC). Then GR and 

mCitrine were fused together by overlapping PCR using primers oHM33 and oHM39 and 

cloned into pENTR/D-TOPO to create pHM27. Then ATML1 was cut from pHM28 with 

SpeI AscI and cloned into pHM27 to make pHM29. Then LR reaction was done between 

pHM29 and pB7WG2.0 (Karimi et al., 2002) to make pHM75 (p35S::GR-mCitrine-

ATML1). The pHM75 transgene was transformed into the atml1-3 mutant background.  

 

Quantitative PCR 

To perform qPCR, 3-4 inflorescences were collected per sample and total RNA 

was extracted using RNeasy Plant Mini Kit (Qiagen, Venlo, Netherlands).  Next, 1 

microgram of total RNA was DNAse treated with amplification grade DNAse I 

(Invitrogen, Carlsbad, USA) and reverse transcribed using Superscript II reverse 

transcriptase (Invitrogen) with oligo dT primers.  Real-time PCR was performed using 
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SYBR Green Master (ThermoFischer Scientific) on a Roche LightCycler 440 system. 

Three biological replicates were analyzed per genotype and ROC1 (AT4G38740) was 

used as a reference gene to normalize gene expression. Furthermore, three technical 

replicates were used to ensure the validity of each biological replicate. 

 

qPCR primers  

• pHM58: GAGCTAGAGTCGTTCTTCAAGG –  qPCR forward primer for atml1-3 flanks deletion 

• pHM62: GTTCTCGTGCCTCTCATGTTGTG – qPCR reverse primer for atml1-3 flanks deletion 

• atml1-ATGF: GGATATACAGGCAGAAGAAAATCGAG – qPCR forward primers for 5' UTR 

ATML1(From GI) 

• atml1-ATGR: GATGATACATGATGATGATGGATGC – qPCR reverse primers for 5' UTR 

ATML1 (From GI) 

• Cyclo-F: CGATAAGACTCCCAGGACTGCCGA – qPCR reference forward primer for ROC1 

• Cyclo-R: TCGGCTTTCCAGATGATGATCCAACC – qPCR reference forward primer for ROC1 

 

Image analysis and quantification pipeline  

In order to accurately quantify mCitrine-ATML1 levels at the single cell level and 

track individual cells during sepal growth, we developed an integrated image analysis 

pipeline incorporating modules from different available sources.  

 

Preprocessing and segmentation 

Raw fluorescence intensity images were denoised using the PureDenoise ImageJ 

plugin (Blu and Luisier, 2007; Luisier et al., 2009; 2010), optimized for the mixed 

Poisson-Gaussian noise that typically affects fluorescence microscopy images 

(parameters: frames=4; cycle spins=3). Denoised images were imported into 
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MorphoGraphX (Barbier de Reuille et al., 2015) in order to produce binary masks for 

individual sepal nuclei while simultaneously removing non–relevant meristematic and 

border cell nuclei (parameters: brighten/darken: 1-4; Gaussian Blur: 0.3-1 ; Binarize: 

5000-8000). Since different genotypes show different proportions of giant and small 

cells, and segmentation parameters are globally applied to the whole tissue, slight 

adjustments were made for each genotype in order to fit the binary masks as well as 

possible to all nuclei across all genotypes. For each individual time course, parameter 

values were kept constant for all time points. Binary mask images were used as input for 

the final nuclear segmentation, performed with the Costanza (COnfocal STack ANalyZer 

Application ImageJ plugin (http://www.plant-image-analysis.org/software/costanza).  

Costanza performs segmentation following the steepest descent algorithm, providing 

high-resolution three-dimensional segmentation of each individual sepal nucleus.  

 

Cell tracking 

Denoised images were processed using the FeatureJ ImageJ plugin 

(http://imagej.net/FeatureJ) for edge detection by applying the Canny method 

(parameters: gradient-magnitude image smoothing scale = 0.25). To track the cell nuclei 

between two successive nuclei segmentations, Nt and Nt+Δt, the block matching 

framework (Michelin et al. 2016, Commowick et al. 2008, Ourselin et al. 2000) was used 

to non-linearly register the corresponding denoised images, It and It+Δt, (floating and 

reference images respectively). The registered floating image and the reference image 

were merged with different colors into a double channel image in ImageJ (Figure Box 

1G, 3D projection of the merge image, red: reference image, green: registered floating 

50



	  

image). This allowed a visual inspection of registration quality. The non-linear 

transformation computed by block matching, TIt ← It+Δt, was then applied to Nt (i.e. Nt ○ 

TIt ← It+Δt ). Using ALT (Fernandez et al. 2010) we computed optimal cell-cell pairing 

between Nt and Nt ○ TIt ← It+Δt.. Given the spatial complexity of the tissue and the large 

time interval between consecutive images (∆𝑡 = 8 hours), registration was not always 

successful for all nuclei. Incorrectly tracked nuclei were manually corrected using the 

MorphoGraphX parent labels tools, making use of the ALT-generated parental 

correspondence tables, describing the mother/daughter relations between time points.    

   

Quantification and analysis 

A set of MATLAB (The MathWorks, Inc., Natick, Massachusetts, United States) 

functions and scripts was developed to quantify signal intensity, as well as size and shape 

properties of individual nuclei from sets of confocal microscopy images processed as 

described above. We did not use a secondary nuclear marker to detect nuclear size 

because mCitrine-ATML1 levels are low and may experience bleed through from a 

nuclear marker in a different channel. Additionally, given imaging artifacts observed 

when using three-dimensional images, which include extension of nuclei in the Z-axis, 

we chose to perform quantification in two-dimensional images, in order to maximize 

result accuracy. Two-dimensional nuclei were obtained by scanning, for each nucleus, 

through each individual Z slice of the Costanza-segmented images and selecting the slice 

with the largest area, where segmentation is most accurate. For all 2D nuclei, shape 

parameters such as eccentricity were quantified using the regionprops function in the 

MATLAB Image Processing Toolbox, which was also used to quantify areas. For each 
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2D nucleus, absolute fluorescence intensity was quantified by summing intensity of all 

pixels in the respective region of the raw intensity image. Both absolute intensity and 

area were corrected for possible magnification changes during the time course by taking 

into account pixel sizes, and concentrations were calculated based on the corrected 

absolute intensity and area values. ATML1 concentration, area and eccentricity plots for 

all cells in the time course were generated with custom functions that make use of the 

corrected parental correspondence information.     

 

Receiver operator characteristics (ROC) analysis 

Calculations were performed using the perfcurve function of the Statistics and 

Machine Learning Toolbox in MATLAB. Classes were defined based on their final 

identity (small or giant) and cell cycle stage (2C for G1 or 4C for G2). After ploidy was 

assigned, we identified peaks in mCitrine-ATML1 concentration at G1 and G2 stages of 

the cell cycle for ROC analysis. Individual cell lineages were included in the analysis 

only if a cell passed through both the G1 and G2 stages of the cell cycle before entry into 

either mitosis or endoreduplication or was first detected in G2 and remained in G2 for 

more than two consecutive time points before entry into mitosis or endoreduplication. For 

these lineages we used the highest concentration level of mCitrine-ATML1 during both 

the G1 and G2 stages of the cell cycle before entry into either mitosis (small cell) or 

endoreduplication (giant cell). 

For each sepal, the ATML1 concentration value that maximized the difference 

between true positive rate (TPR) and false positive rate (FPR) when classifying small 

versus giant cells, was taken as the threshold ATML1 concentration required for 
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triggering giant fate decision in individual cells. For sepals where such a threshold could 

not be inferred, whether due to the absence of sufficient numbers of dividing 

(pPDF1::GFP-ATML1  flowers) or endoreduplicating cells (lgo-2 mutant flowers), a 

common threshold was inferred from the wild type pATML1::mCitrine-ATML1 flowers 

(Supplemental figure 10). For each of the four analyzed sepals, ATML1 concentrations 

were normalized by dividing by the mean concentration for all nuclei, over the entire 

time course. This mean normalization had the objective of taking into account systematic 

differences between time courses due to experimental variation. After normalization, 

ATML1 concentration peak selection, ROC analysis and concentration threshold 

inference were performed as described above. The final common ATML1 concentration 

threshold was defined as the mean of the four individual thresholds.  

 In the lgo-2 mutant sepals, giant cell fate prediction was performed by 

comparing the normalized ATML1 concentrations for each lineage (calculated using the 

mean concentration for all nuclei, over the entire time course) with the previously 

inferred common threshold. A lineage was considered to be a giant cell lineage if the 

ATML1 concentration of a given nucleus surpassed the common threshold concentration 

during 4C at any point of the time course. If this event never occurred, the lineage was 

considered to correspond to a small cell lineage. 

 

Theoretical model 

We implemented a stochastic computational model for ATML1 mediated giant 

cell fate decisions in a 2D idealized growing tissue. The model has a core simplified 

ATML1 regulatory network that can prevent cell division, driving cell endoreduplication. 
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We modeled ATML1 cell concentration dynamics as a basally produced protein that self-

activates and is linearly degraded (Frigola et al., 2012; Weber and Buceta, 2013). 

ATML1 expression activates a downstream target, which can prevent cell division when 

expression passes a threshold. The deterministic expression for the dynamics of ATML1 

and its downstream target concentrations in cell i, whose variables are [ATML1]i and 

[Target]i respectively, reads 
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where PA is a basal ATML1 production rate, VX is the maximal ATML1-dependent 

production rate for the X (either ATML1 or Target concentration) variable, KX is the 

ATML1 concentration at which the ATML1-dependent production rate has its half-

maximal value, nX is the Hill coefficient and GX is the linear degradation rate for the X 

variable. For simplicity, we will refer to VA as the ATML1 auto-induction rate, so no 

feedback is considered when VA=0. 

A cell is defined by a set of vertices in 2D and we set the tissue to grow 

exponentially and anisotropically by moving vertices outwards from the center of mass of 

the tissue. Hence, all cells grow anisotropically, and they divide according to a timer 

variable present in each cell. We implemented dilution of ATML1 and its target variables 

due to growth. During sepal development, nuclear and cell area of epidermal cells are 

correlated (Supplemental Figure 2). We used cell area growth to implement the dilution 

effect into the ATML1 and target variables. The timer linearly increases with time and is 

reset when it reaches a specific threshold (Fig. 5A). Hence, its equation reads 
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!!"#$%!
!"

= 𝑃!  ,  (3) 

where Timeri is a variable in cell i, and PC is the basal timer production rate. The timer 

resetting was performed at each time step according to the following equation: 

𝑇𝑖𝑚𝑒𝑟!(𝑡) →
𝑈! 𝑖𝑓    𝑇𝑖𝑚𝑒𝑟!(𝑡) ≥ Θ!,!

𝑇𝑖𝑚𝑒𝑟!(𝑡) 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒  , (4) 

where Ui is a uniform randomly distributed number in the interval [0,1) and ΘC,D is a cell 

division threshold for the timer.  

Cell ploidy was modeled as a discrete variable dependent on the timer and cell 

division, which also depends on the ATML1 network. Specifically, cell ploidy increases 

from 2C to 4C when the timer reaches a threshold ΘC,S , which represents S phase, and 

decreases again to 2C if the cell divides. Cell division occurs at the 4C stage, when the 

timer reaches a second threshold ΘC,D, unless cells have reached [Target] levels higher 

than a specific threshold ΘT during the 4C stage. In that case, endoreduplication occurs, 

and cells reset their timer when they reach the ΘC,D threshold, but keeping its ploidy to 

4C. We imposed that 4C cells having endoreduplicated once cannot undergo cell division 

anymore. As a consequence, these cells will increase their ploidy every time they pass the 

timer threshold ΘC,S  representing entry into S phase.  

Our experimental data shows that the nuclear area scales with the DNA content 

and ploidy in the cell (Box 2). Because of this scaling, we assume that the production 

rates of the ATML1 and Target concentration variables are independent of the cell 

ploidy, and remain constant throughout cell cycles.  

Dynamic stochasticity was introduced in the ATML1, Target and Timer variables 

by extending its deterministic dynamics to its Langevin form (Adalsteinsson et al., 2004; 
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Gillespie, 2000). In particular, for every ATML1, Target and Timer variable X in cell i, 

the resulting stochastic equations would read  

!!!
!"
= 𝐹!"! − 𝐹!"! +

!!"
!!!!"

!

!!!(!)
  𝜂!"(t) , (5) 

where Fxi
+ and Fxi 

– are positive functions that represent the birth and death processes for 

the species X in cell i. Hence, we take into account stochasticity coming from production 

and degradation of the modeled species. εi(t) is a normalized cell area; we assume 

εi(t)=E0Ei(t), where E0 is an effective cell area used to normalize noise, and Ei(t) is the 

area of cell i in arbitrary units. ηXi is a random Gaussian variable with zero mean that 

fulfills 〈ηXiηX’j 〉=δ(t-t’)δXX’ , where i and j are cell indices, X and X’ the modeled 

variables and δ is the Kronocker delta. 

Integration of the resulting Langevin equations with the Îto interpretation was 

performed by using a variation of the Heun algorithm (Carrillo et al., 2003) with an 

absorptive barrier at 0 to prevent negative values of the modeled variables. Growth and 

its dilution-derived effects were considered deterministic, and were integrated with an 

Euler algorithm.  The integration time step was set to dt=0.1. Note that stochasticity was 

also introduced in the initial conditions of the modeled variables and when resetting the 

timer variable after cell division (Eq. 4). Cells divide according to a shortest path rule in 

which the new wall pass through the center of mass of the dividing cell (Sahlin and 

Jönsson, 2010). Daughter cells have the same initial ATML1 and Target concentrations at 

birth, but can have different sizes. After dividing, these cells will acquire different initial 

timer values due to the noise term in Eq. (4). For the sake of simplicity, no mechanical 

interactions were implemented to the simulated tissue.  
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Unless otherwise stated, simulation parameters were set as described in Table 1.  

We set uniformly distributed random initial conditions for ATML1 and Target variables 

within the interval [0,1) and [0,0.1), respectively. Timer initial conditions were set in 

correlation to the cell size of the initial template, following the expression.  

𝑇𝑖𝑚𝑒𝑟! 𝑡 = 0 = !.!  !!,!
!!"#!!!"#

𝐸! 𝑡 = 0 − 𝐸!"# + 0.1  𝜃!,!(1−   𝑈!)  , (6) 

being U’i an uniformly distributed random number defined in the interval [0,0.1), and 

EMin and EMax the minimal and maximal areas of the cells at the start of the simulation. 

This made larger cells being initiated at more advanced stages of the cell cycle, and 

hence, being more likely to divide. Ploidies were initially set to either 2C or 4C, 

depending on whether the initial timer values set by Eq. 6 were lower or higher than the 

S-phase timer threshold ΘC,S.  

 We assigned different parameter values based on experimental evidence when 

available. Threshold values of the timer for the synthesis phase and division checkpoint 

(ΘC,S and ΘC,D respectively) were assigned so that we could recover 2C and 4C 

percentages of cells in atml1-3 mutants (Figure 2G) in regions of the parameter space in 

which no giant cells were formed. We constrained the integration time to 105 arbitrary 

time units. Given the chosen timer threshold values and an arbitrary basal timer 

production rate, simulations were integrated throughout 105 arbitrary time units, so that 

cells could undergo around three cell cycles (Roeder et al., 2010). Simulations scanning 

the parameter space were performed by using logarithmic spaced values of the ATML1 

basal production rate (PA) and linearly spaced values of the ATML1 auto-induction 

production rate (VA ). From these parameter scans, PA and VA parameters were chosen for 

the simulations shown in Figure 7 and Supplemental figure 9. PA and VA parameter values 
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for representing the wild type sepal in Figure 5 were chosen so that there was a unimodal 

distribution of ATML1 concentration with similar CVs to the experimental CVs, giving 

rise to the same number of giant cells found in developing sepals. In particular, we aimed 

to have sepals that developed a total of 30 giant cells with 8C and higher ploidy, with 

approximately 17 of those cells being 16C and higher ploidies (see Figure 2H). To ensure 

that the target approximately followed and mimicked the dynamics of ATML1, we 

proposed that the target would have a higher degradation rate than ATML1 itself. To 

grow the sepal in a realistic manner, we provided a certain degree of anisotropy on the 

tissue growth parameters, as previously reported experimentally (Hervieux et al., 2016). 

The computational implementation of the model was performed through the open 

source C++ Organism package, (http://dev.thep.lu.se/organism/; (Bozorg et al., 2014; 

Jönsson et al., 2006). Data analysis and plots from simulation output were performed 

with Python 2.7, the Matplotlib package (Hunter, 2007)and MATLAB. The visualization 

of the simulated growing sepals was performed with Paraview (http://www.paraview.org) 

software.  

 

ROC analysis and threshold determination of the simulated data 

ROC analysis was also applied to the ATML1 concentration maxima across the 

different simulated lineages, by following a similar procedure as for the experimental 

data (see Receiver operator characteristics (ROC) analysis section). Classes were also 

defined based on their final identity; lineages having 2C ploidy at the end of the 

simulation were considered small cells, while lineages having 8C ploidy or higher were 
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considered giant cells. Lineages remaining in 4C ploidy at the end of the simulated time 

course were excluded of the analysis, given their unknown final fate. 

The soft ATML1 threshold ΘA
* was determined by finding the threshold assigned 

to the optimal (maximized difference between TPR and FPR) operating point of the ROC 

curve. Specifically, we used 30 different random subsamples of the small cell population 

with as much cells as the pool of giant cells, so that the total cost of misclassification of 

positive and negative cases for the threshold determination would remain equivalent and 

similar to the experimental analysis. As a result, the computed soft threshold ΘA
* was 

defined as the mean of the 30 different optimal thresholds found using random 

subsamples. This subsampling method, when applied to the target maxima throughout 4C 

time courses, could accurately predict the hard threshold of the target variable imposed in 

the simulations ΘT , which we denote by ΘT
* (Supplemental figure 8B,E). We represented 

the predicted thresholds as a dashed red line within a red shaded red region. This red 

region shows the standard deviation of the 30 optimal thresholds computed in the 

subsampling method. Note that sometimes the shaded red region is too small to be seen 

(e.g. see ΘA
* in Figure 5C).  

 

 

 

Box1: mCitrine-ATML1 image quantification and tracking pipeline 

We designed and implemented an image analysis pipeline to quantify the concentration of 

mCitrine-ATML1 in individual epidermal nuclei, as well as nuclear size and shape parameters, 

while simultaneously tracking each cell lineage during sepal development. Raw intensity images 

were filtered for Poisson-Gaussian mixed noise using the ImageJ plugin PureDenoise (Figure Box 
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1A and B;(Blu and Luisier, 2007; Luisier et al., 2009; 2010). The resulting denoised images were 

imported into MorphoGraphX (Barbier de Reuille et al., 2015) and used as input for binary mask 

creation (Figure Box 1C). The purpose of the binary mask is to separate sepal epidermal cells 

from background noise and underlying cell layers during the quantification step. Finally, the 

binary masks were imported into Costanza (http://www.plant-image-

analysis.org/software/costanza) in order to perform segmentation of each individual nucleus 

(Figure Box 1D). 

To spatiotemporally track individual nuclei, Canny edge detection 

(https://imagej.nih.gov/ij/plugins/canny/index.html) was initially performed by applying the 

FeatureJ ImageJ plugin (http://www.imagescience.org/meijering/software/featurej/) to each 

denoised image, facilitating the subsequent registration step. Pairing of individual nuclei in two 

consecutive time points was computed by registering pairs of successive images (Commowick et 

al., 2008; Michelin et al.; Ourselin et al., 2000) and then computing the optimal cell-cell pairing 

using ALT (Fernandez et al., 2010). In order to ensure that all nuclei were correctly tracked, 

successive images pairs were imported into MorphoGraphX along with the associated nuclei 

pairings provided by ALT and incorrectly tracked or unlabeled nuclei were manually corrected 

using the parent labels tools (Figure Box1H).  

Raw intensity and nuclear segmentation images, as well as the corrected parental 

correspondence tables were imported into an in-house developed MATLAB quantification 

module, for statistical analysis. For each nucleus, this module selected the slice with the largest 

area and quantified total fluorescence intensity within this slice from the raw intensity image 

(Figure Box 1G). For each cell, in every time point, concentrations (Figure Box 1F), areas and 

nuclear shape parameters were quantified. Nuclear pairing tables between consecutive time points 

were used to establish cell lineages for each time course, and each of the variables could then be 

tracked in time for each time course of sepal growth (e.g. Figure Box 1I). 
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Box 1 legend: Image analysis pipeline to quantify fluorescence fusion protein concentration. 
 
(A) Raw confocal image of developing sepal expressing mCitrine-ATML1 (sepal also presented 
in Figure 6). (B) Denoised confocal images using PureDenoise ImageJ software. (C) Binary mask 
created in MorphoGraphX. (D) Segmented image created in Costanza. (E) 3D projection of 
registered pairs of consecutive sepal confocal acquisitions (16 hours in green and 24 hours in 
red). (F) Heat map of the fluorescence concentration for each nucleus on the sepal. (G) Schematic 
of quantification process. A MATLAB module detects the confocal z-stack slice with largest area 
for each nucleus. Then, fluorescence concentration is quantified (total fluorescence divided by 
area).  (H) Manual correction of incorrectly tracked nuclei in MorphoGraphX. Top panel shows 
two examples where ALT did not correctly track one of two daughter cells. Bottom panel shows 
that nuclei can be manually corrected in MorphoGraphX. (I) Example of ATML1 fluorescence 
concentration in one nucleus tracked through time. 
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Box 2. Nuclear area can be used to determine cell cycle stage 
 

Given the limitations in applying current standard techniques simultaneously with live 

imaging procedures, we developed a new method to determine ploidy of individual cells 

throughout live imaging time courses. We used nuclear area as a proxy for defining cell cycle 

stage since nuclear area and ploidy have previously been described to be linearly correlated 

(Jovtchev et al., 2006). To confirm this correlation in our sepals, we stained nuclei with DAPI (a 

chromatin stain previously used to determine ploidy, (Jovtchev et al., 2006; Roeder et al., 2010)) 

and subsequently measured nuclear area using ImageJ. We found that there is a linear correlation 

between nuclear area and ploidy, where nuclear area increases as the cell progresses through the 

cell cycle, and we could locate discrete area cutoffs that accurately separate different cell cycle 

stages (2C = G1, 4C = G2; Figure Box 2A).  
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To further validate that nuclear area correlates with cell cycle progression, we live 

imaged developing sepals every hour until cells divided (Figure Box 2F-I; Supplemental movies 

12 and 13). We found that in our pATML1::mCitrine-ATML1; atml1-3 transgenic plants 

individual cells increase their nuclear area to approximately 35µm2 before division. Each 

resulting daughter cell’s nuclear area immediately drops to approximately 15µm2 and then begins 

to increase its area as the cell progresses through the cell cycle (Figure Box 2J-P). In our 

observations, mCitrine-ATML1 concentrations do not always exhibit the same trends as area, 

suggesting that nuclear area is not strongly dependent on mCitrine-ATML1 concentration. 

 Building on these results which show that area thresholds can be used to effectively separate cell 

cycle stages, we defined a set of area and eccentricity thresholds to classify cells into different 

ploidies (2C, 4C, 8C; Figure Box 2B-E). For our pATML1::mCitrine-ATML1 atml1-3 transgenic 

line, nuclei with an area of <35 µm2 were classified as 2C (G1), nuclei with an area of ≥ 35 µm2 

with an eccentricity of ≤0.7 were classified as 4C (G2) and nuclei with an area of >35 µm2 with 

an eccentricity of >.7 were classified as 8C (endoreduplicating). Nuclei that bordered these area 

thresholds were manually checked to ensure that they were correctly classified, with a small 

number of incorrectly classified nuclei being reclassified. Manual correction was based on 

additional knowledge from the live imaging time series and visualization in 3D (e.g. the existence 

of incorrect transitions such as 2C to 8C or 8C to 2C, known not to happen in normal sepal 

development). Importantly, information of ATML1 concentration values was not used for ploidy 

classification at any stage. Additionally, independent manual correction of ploidy classification 

by different researchers produced highly similar results. For other genotypes (i.e. 

pATML1::mCitrine-ATML atm11-3 lgo-2, pPDF1::GFP-ATML1), area and eccentricity threshold 

values were slightly adjusted in order to account for changes in segmentation parameters 

(Materials and Methods).  Flowers that have a broader distribution of giant and small cells tended 

to have slightly inflated segmented masks in order to increase the number of nuclei successfully 

segmented through the entire time course. The inflation of the segmented masks leads to slightly 

increased nuclear area which we accounted for when we defined the thresholds.   
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Box 2 legend. Nuclear area is used to determine cell cycle stage.  

(A) DAPI stained wild type sepal nuclei show that DNA content and area are linearly correlated 
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(R2=.903) 2C nuclei are colored yellow, 4C nuclei are colored blue, and 8C nuclei are colored 
red. One representative confocal image of each classified nucleus is inset on the top left of graph. 
Scalebar=10µm2. N=38 nuclei were analyzed. (B-E) Area vs. eccentricity of different ploidies 
classified from an area threshold. 2C cells in yellow are <35 µm2 in area. 4C cells are in blue and 
are ≥ 35 µm2 in area with an eccentricity of ≤0.7. Endoreduplicating cells (≥8C) are >35 µm2 with 
an eccentricity of >.7. In a few instances, a giant cell was poorly segmented and received a low 
area. These cells were manually corrected. (B) pATML1::mCitrine-ATML1;atml1-3 flower 1. A 
total of n= 646 cells were analyzed (C) pATML1::mCitrine-ATML1; atml1-3 flower 2. A total of 
n=413 cells were analyzed. (D) pATML1::mCitrine-ATML1; atml1-3 flower 3. A total of n=195 
cells were analyzed. (E) pATML1::mCitrine-ATML1; atml1-3 flower 4. A total of n= 436 cells 
were analyzed. (F-I) Nuclei that undergo a mitotic division from a one-hour interval live imaging 
series, showing the size change from 4C to 2C after division. (J, L, N, P) Traces of nuclear areas 
over time corresponding to (F-I) Note that nuclei have an area of approximately 35µm2 before 
dividing. Immediately upon division, nuclei have an area of approximately 15 µm2. (K, M, O, Q) 
mCitrine-ATML1 concentration of nuclei in (F-I). Note that mCitrine-ATML1 concentration 
fluctuates independently of nuclear area.  
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Figures  

 
Figure 1: The scattered pattern of giant epidermal cells.  
 
(A) An image of a wild type (WT) Arabidopsis thaliana flower. The sepals (s) are the 
outermost leaf-like floral organs (B) SEM image of developing sepals on young flower 
buds. The three flowers in the middle are in approximately the same orientation and 
stages as the live imaged sepals. Live images typically start with sepals at the youngest 
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stage shown, exemplified by the center flower (*). (C-F) SEM images of mature wild 
type sepals. Each sepal exhibits variations in the arrangement of giant cells. Giant cells 
are false colored in red using Photoshop. Magnified view of E shown in F. Scale bars in 
B, 30 µm and in C-F, 100 µm. (G) A cell cycle diagram depicting the mitotic cell cycle 
and the endoreduplication cycle (endocycle).  During the mitotic cycle, a new 2C cell will 
enter Gap 1 (G1). In G1, the cell will increase its size in preparation for DNA synthesis 
(S), where it will then become 4C. After S phase, the cell will enter Gap2 (G2), where it 
will continue to grow in size and produce more protein in preparation for mitosis (M). 
Completion of mitosis will result in the formation of two 2C daughter cells, which will 
then re-enter the mitotic cycle. Alternatively a cell may endocycle, where a cell will go 
through G1, S, G2 but bypass M to form a polyploid cell. Note that giant cells are 8C and 
higher polyploid epidermal cells that form through endoreduplication.   
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Figure 2: ATML1 levels influence the quantity of giant cells that form on the sepal.  
 
(A-F) SEM images of sepals from an ATML1 genetic dosage series. Giant cells are false 
colored in red. (A) ATML1 overexpression line that is homozygous for the 
pPDF1::FLAG-ATML transgene. (B) ATML1 overexpression line that is hemizygous for 
the pPDF1::FLAG-ATML1 transgene. (C) ATML1 overexpression line hemizygous for 
the pPDF1::FLAG-ATML1 transgene crossed into a atml1-3 mutant background. (D) 
Wild type (E) atml1-3/+ heterozygous mutant (F) atml1-3 homozygous mutant. (G) 
qPCR on inflorescences from dosage series verifying that ATML1 mRNA levels vary 
between lines as expected. Fold change is calculated as the average of three biological 
replicates. Error bars represent the extended standard deviation. (H) Quantification of the 
average number of giant cells per sepal in ATML1 dosage series using semi-automated 
image processing. Giant cell are defined as cells with an area larger than 4,000 µm2. 
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Error bars represent the standard error of mean, n=3 sepals per genotype, with each 
pooled genotype having >1000 cells analyzed. (I) Ploidy of epidermal cells in sepals of 
the ATML1 dosage series determined by flow cytometry. Inset shows frequency of high 
ploidy nuclei. Average of 3 biological replicates with > 40,000 nuclei analyzed per 
replicate; error bars represent standard error of mean. Note that epidermal cells include a 
large number of 2C and 4C cells on the back (adaxial) side of the sepal in all genotypes, 
which are not affected by ATML1 overexpression. (J-K) Confocal maximum intensity 
projection image of a wild type (J) and ATML1 overexpression (K) sepals expressing the 
giant (3xvenus, nuclear localized, blue) and small cell (GFP, ER localized, green) 
molecular markers. Cell walls are stained with propidium iodide (PI, red).The giant cell 
marker is expressed in almost every cell and the small cell marker is extremely reduced. 
Note: Margin cells at the edges of the sepals are distinct cells types that are not affected 
by ATML1. Scale bars in A-F, 100 µm. T-tests were performed between genetically 
altered dosage series and wild type sepals. P-value ≤ 0.05 marked with *, P-value ≤ 
0.01marked with **, and non-significant denoted by ns. 
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Figure 3: mCitrine-ATML1 expression is variable from cell to cell in the sepal but 
uniform in the meristem.  
 
(A) SEM image of a wild type (Col) sepal (B) SEM image of atml1-3 mutant sepal. Note 
that atml1 mutants exhibit a lack-of-giant-cell phenotype. (C-D) SEM images showing 
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that the pATML1::mCitrine-ATML1 transgene rescues the lack-of giant-cell phenotype 
normally exhibited by the atml1-3 mutant. Additionally, both the number and spacing 
pattern of giant cells appear similar to wild type (A). Giant cells in (A-D) are false 
colored red (E) Confocal denoised images of three floral meristems. (F) Heatmaps of 
mean normalized concentration levels of mCitrine-ATML1 expression in the floral 
meristems. (G) Confocal denoised images of three young sepal primordia (right most 
sepal is shown later in sup. as t_0 of the 3rd mCitrine-ATML1 reporter sepal). (H) 
Heatmaps of mean normalized concentration levels of mCitrine-ATML1 expression in 
the young sepal primordia. (I) Dot plot of the coefficients of variation (CV) of 
normalized fluorescent protein concentration in each sample. The CV of mCitrine-
ATML1 in nuclei of young developing sepals is higher than in nuclei of floral meristems. 
The high CV is specific to mCitrine-ATML1as a SEC24A transcriptional reporter 
(SEC24::H2B-mGFP) has a lower CV in young sepals. n=3 for each genotype. (J) 
Histograms of normalized mCitrine-ATML1 concentrations for sepals (from F; red) and 
meristems (from D; blue). Both histograms show a monomodal distribution, however the 
distribution of ATML1 concentrations in single cells is broader in the sepal than in the 
meristem. Scale bars in A-D 100 µm; E and G, 10 µm. The number of cells analyzed for 
each mCitrine-ATML1 sepal primodium in order from left to right: n=91, 48 and 142. 
The number of cells analyzed for mCitrine-ATML1 meristems from left to right: n=102, 
136 and 82. The number of cells analyzed for each pSEC24A::H2B-GFP sepal 
primordium from left to right: n=145, 215 and 232. Confocal denoised images and 
corresponding heatmaps for pSEC24A::H2B-GFP sepals are shown in Supplement figure 
1. 
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Figure 4: ATML1 fluctuates in sepal epidermal cells to initiate giant cell patterning 
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(A) Raw images of pATML1::mCitrine-ATML1 (white) from a live imaging series of a 
developing sepal. Images were taken every 8 hours for 64 hours. (B) Heat map showing 
corresponding mCitrine-ATML1 concentrations (total fluorescence divided by area) at 
each timepoint from (A). (C) mCitrine-ATML1 concentrations tracked over time in cells 
that became giant (red) and cells that divided to stay small (blue). (D) mCitrine-ATML1 
peak concentration levels in each lineage preceding endoreduplication or mitotic division 
(Materials and Methods). The concentration threshold that best separates giant cells from 
small cells is shown as a dashed line. (E) Receiver operating characteristic (ROC) curve 
(red) for (D). The ratio of correctly and incorrectly classified cells (i.e. the true positive 
rate (TPR) and false positive rate (FPR)) is calculated for a varying threshold value, 
providing a characteristic curve. The area under the curve (AUC) provides a measure of 
accuracy for predicting cell fate based on ATML1 concentration (1 being perfect and 0.5 
no better than random classification). The AUC is 0.76. The black dot marks the optimal 
concentration threshold where the difference between TPR and FPR is maximal. (F-I) 
mCitrine-ATML1 peak concentrations and ROC analysis for G1 (2C) or G2 (4C) phases 
of the cell cycle preceding endoreduplication or mitotic division. (F) Optimal 
concentration thresholds separating giant cells from small cells at G1. (G) ROC curve 
(red lines) to identify the optimal threshold used in (F). (H) Optimal concentration 
thresholds separating giant cells from small cells at G2. (I) ROC curve (red lines) to 
identify the optimal threshold used in (H). For (G) AUC=0.52 (not predictive) and for (I) 
AUC=0.8 (predictive of cell fate). (J-M) Single cell lineages tracked through time (64 
hours). Each denoised nucleus image is outlined in a color associated with its ploidy: 
yellow= 2C, blue= 4C, and red= 8C and higher. (J-K) giant cell (L-M) small cell 
lineages. Note that the giant cells cross the threshold while they are in G2 (4C) of the cell 
cycle. (N-Q) Tracked mCitrine-ATML1 concentration levels corresponding to the single 
cell lineages in (J-M), respectively. The ploidy at each point corresponds to the color of 
the dot, as above. mCitrine-ATML1 concentrations for all other cell lineages are plotted 
in grey for context. Note that in Q, mCitrine-ATML1 crosses the threshold in 2C at t=48h 
but then goes onto divide. Additionally, the fate of the cell that crosses the threshold in 
4C at t=48h remains unknown. A total of 110 lineages were analyzed (n=646 cells).  
Three similar replicate flowers are shown in the Supplemental figures 2,3 and 4.  
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Figure 5: A plausible stochastic model for giant cell patterning 
 
(A) Schematic diagram of the computational model for giant cell patterning. Top panel 
shows the proposed ATML1 model network in which ATML1 can prevent cell division 
and instead drive entry into endoreduplication and giant cell specification. Middle panel 
shows a cartoon of the cell cycle timer time course. When the timer exceeds a first 
threshold level ΘC,S, cells enter into the G2 phase and increase their ploidy to 4C. When 
the timer reaches a second threshold level, ΘC,D, cells divide, unless their target levels 
have surpassed the threshold ΘT sometime during G2 phase. Bottom panel shows a scatter 
plot cartoon illustrating how a ‘hard threshold’ in the target levels results in a ‘soft 
threshold’ in ATML1. We refer to a hard threshold when levels right above or below the 
threshold will result in two different outcomes.  If the target perfectly followed the 
dynamics of ATML1, its upstream regulator, and obeyed a deterministic dynamics, all 
cells that cross the target threshold ΘT would also cross a corresponding hard ATML1 
threshold. Hence, a hard threshold in the target would be effectively encoded as a hard 
threshold on its upstream regulator ATML1. In contrast, in our model, the target has a 
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finite degradation rate, and stochastic dynamics, so that it is not a perfect follower of 
ATML1 dynamics; thus, a hard threshold in target levels (red dotted line) results in a soft 
threshold in ATML1 (shaded red area). A cell falling within the ATML1 soft threshold 
range may or may not pass the target threshold and endoreduplicate to become a giant 
cell. Dots in the bottom panel is a cartoon of the ATML1 maxima of simulated cell 
lineages, with red dots indicating cells that become giant, while blue dots represent 
mitotically dividing small cells. (B) Simulation snapshots of the in silico growing sepal 
showing (top) ATML1 concentrations and (bottom) cell ploidies (Supplemental movie 5).  
(C) Time courses of ATML1 (left) and its target (right) for a cell committing to the giant 
fate (top) and a small dividing cell (bottom). Colors of the time traces represent the cell 
ploidy. Color code for the ploidies is the same as in panel B. Red dotted lines represent 
the predicted soft ATML1 threshold ΘA

*, and the ΘT hard threshold imposed in the target  
(Materials and Methods). (D) Histogram at a final simulation time point showing 
ATML1 concentration levels. (E) Boxplot showing the percentage of cell ploidies in a 
simulated tissue for 5 simulations with different random initial ATML1, target and timer 
levels. (F-G) ROC analysis of the ATML1 concentration maxima for the simulated 
lineages at (F) 2C and (G) 4C, showing that the ATML1 maximal levels at 2C is not 
predictive, in agreement with experimental data (Figure F-I). Parameter values are 
described in Table 1. 
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Figure 6: The model recapitulates ATML1 dosage dependency.  
(A) Snapshots showing the resulting patterns of giant cells (8C, 16C, 32C and 64C cells) 
and small cells (2C and 4C cells) at the final time point of the simulations when the basal 
ATML1 production rate is modified. Values chosen for the ATML1 basal production rate 
from the parameter exploration shown in panels B-G are, from left to right: PA= 1.58, PA= 
1.25, PA= 1.17, PA= 1.14, PA= 1.01 and PA= 0.99. (B-G) Simulation results for different 
basal ATML1 production rates for (B-D) a model with a weak auto-induction ATML1 
feedback loop (VA=1.25) and for (E-G) a model with no feedback (VA=0). (B and E) Total 
amount of ATML1 in the tissue. The total ATML1 amount is the sum of the area of each 
cell multiplied by the ATML1 concentration in that cell.  The feedback drives a sharper 
increase of ATML1 amount for a certain range of basal ATML1 production rates. (C and 
F) Fraction of giant cells (8C, 16C, 32C and 64C cells) in the tissue with respect to the 
total amount of ATML1. The gradual increase of the fraction of cells with respect to the 
total ATML1 amount in the tissue is qualitatively consistent with the different 
phenotypes shown in Figure 2.  The model with feedback has a slightly more gradual 
increase in fraction of giant cells with respect to the total amount of ATML1. (D and G) 
CVs of the ATML1 concentrations in the tissue. In the cases of having a weak feedback 
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or not having a feedback, there is a plateau of CV values for intermediate ATML1 total 
amounts in the tissue. Stronger feedback levels will lead to non-monotonic CVs with 
respect to the total amount of ATML1 (see Supplemental Figure 7B). Other parameter 
values are described in Table 1.  
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Figure 7:  A threshold-based mechanism is consistent with increased giant cell 
formation in ATML1 overexpression lines 
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(A) Raw images of pPDF1::GFP-ATML1 (white) from a live imaging series of a 
developing overexpression sepal. Images were taken every 8 hours for 56 hours. (B) Heat 
map showing corresponding GFP-ATML1 concentrations (total fluorescence divided by 
area) at each timepoint from (A). (C) normalized GFP-ATML1 concentrations tracked 
over time. Note that all cells tracked are red and become giant. (D) Normalized GFP-
ATML1 peak concentration levels in each lineage preceding endoreduplication for all 
three pPDF1::GFP-ATML1 flowers. Dashed line represents the common normalized 
threshold derived from pATML1::mCitrine-ATML1;atml1-3 flowers (Supplemental figure 
10). Note that almost all nuclei reach high concentrations of GFP-ATML1 before 
endoreduplicating. (E-G) Single giant cells tracked through time (48 hours). Each 
denoised nucleus image is outlined in a color associated with its ploidy: yellow= 2C, 
blue= 4C, and red= 8C and higher. (H-J) Tracked normalized GFP-ATML1 
concentration levels corresponding to the single cell lineages in (E-F). The ploidy at each 
point corresponds to the color of the dot, as above. GFP-ATML1 concentrations for all 
other cell lineages are plotted in grey for context. Note that the giant cells cross the 
threshold while they are in G2 (4C) of the cell cycle. A total of 23 lineages analyzed 
(n=129 cells). Two similar replicate flowers are shown in the supplemental figures 11 and 
12.  
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Figure 8: The dynamic of ATML1 fluctuations are independent of 
endoreduplication 
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(A) Raw images of pATML1::mCitrine-ATML1 (white) from a live imaging series of a 
developing lgo mutant sepal. Images were taken every 8 hours for 64 hours. (B) Heat 
maps showing corresponding mCitrine-ATML1 concentrations (total fluorescence 
divided by area) at each timepoint from (A). (C) Genetic epistasis analysis between lgo-2 
mutant and ATML1 Overexpression line (pPDF1::FLAG-ATML1). Plants homozygous 
for both the lgo mutation and the overexpression transgene do not form giant cells, 
demonstrating that LGO acts genetically downstream of ATML1 to promote 
endoreduplication. (D) Quantification of the average number of giant cells in four 
pATML1::mCitrine-ATML1; atml1-3 sepals (ncells=75, 4 sepals) compared to the number 
of giant cells predicted to form by applying the common threshold  to ATML1 
concentrations observed in pATML1::mCitrine-ATML1; lgo sepals (ncells=59, 3 sepals) 
Error bars = standard error of mean. Dashed line represents the common normalized 
threshold derived from pATML1::mCitrine-ATML1;atml1-3 flowers (Supplemental figure 
10). Approximately the same number of cells would be expected to become giant cells in 
lgo sepals as in wild type, except that they fail to endoreduplicate.  A T-test performed 
between the two populations yielded a non-significant (ns) p-value of 0.9 (E) Traces of 
mCitrine-ATML1 normalized concentrations of cells that do not reach the inferred 
threshold in G2 of the cell cycle and are predicted to remain small (nsmall=70) (F) Traces 
of mCitrine-ATML1 normalized concentrations of cells that reach the inferred threshold 
during G2 of the cell cycle and are predicted to become giant (ngiant=25). (G-H) Single 
small cell lineages tracked through time (64 hours). Each nucleus image is outlined in a 
color associated with its ploidy: yellow= 2C, blue= 4C. The cell marked with X is lost 
from our tracking. (I-J) tracked mCitrine-ATML1 concentration levels corresponding to 
the single cell lineages in (G-H). Cells that cross the mCitrine-ATML1 threshold fail to 
endoreduplicate and instead divide.  A total of 149 lineages analyzed (n=495 cells). Two 
similar replicate flowers are shown in the supplemental figures 13 and 14.  
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Figure 9: Fluctuations of ATML1 around a soft threshold pattern giant cells and 
small cells in the sepal 
 
ATML1 fluctuates in every young sepal epidermal cell. However, cells only respond to 
fluctuations high levels of ATML1 during G2 phase of the cell cycle. (A) Schematic 
showing that in G1, cells are impervious to high concentrations of ATML1. In G2, cells 
can respond to ATML1 to become a giant cell if levels surpass a soft threshold. If a cell 
does not receive a high enough level then the cell will divide.  (B) Schematic 
demonstrating a cell progression from 2C (G1 phase of the cell cycle) to 4C (G2 stage of 
the cell cycle). The cell will then either become an 8C cell, if it receives a high level of 
ATML1, or to divide to make two 2C cells if ATML1 levels are low. In the G2 phase, 
our inferred mCitrine-ATLML1 threshold level is about 80% accurate in predicting giant 
cells versus small identity correctly. 
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Supplemental Figure 1. The SEC24A transcriptional reporter is uniformly 
expressed in the developing sepal  

(A) Confocal denoised images of three developing sepals expressing pSEC24A::H2B-
GFP. (B) Heatmaps of normalized mean concentration levels of  pSEC24A::H2B-GFP 
expression in the developing flowers. Scalebars: A, 10 µm. pSEC24A::H2b-GFP is 
ubiquitously expressed in multiple cell layers. Therefore, to make it comparable to our 
mCitrine-ATML1 flowers, only nuclei in the epidermal cell layer were used for the 
analysis.    

91



	  

 
Supplemental Figure 2: 2nd flower that demonstrates ATML1 fluctuates in sepal 
epidermal cells to initiate giant cell patterning.  
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(A) Raw images of pATML1::mCitrine-ATML1 (white) from a live imaging series of a 
developing sepal. Images were taken every 8 hours for 40 hours. (B) Heat maps showing 
corresponding mCitrine-ATML1 concentrations (total fluorescence divided by area) at 
each time point from (A). (C) mCitrine-ATML1 concentrations tracked over time in cells 
that became giant (red) and cells that divided to stay small (blue). (D) mCitrine-ATML1 
peak concentration levels in each lineage preceding endoreduplication or mitotic division 
(Materials and Methods). The concentration threshold that best separates giant cells from 
small cells is shown as a dashed line. (E) ROC curve identifying a predictive threshold. 
AUC is 0.69. The black dot marks the optimal concentration threshold where the 
difference between TPR and FPR is maximal. (F-I) A threshold in G2 stage of the cell 
cycle is predictive whereas a threshold in G1 is not. (F) Optimal concentration thresholds 
separating giant cells from small cells at G1. (G) ROC curve (red lines) to identify the 
optimal threshold used in F. (H) Optimal concentration thresholds separating giant cells 
from small cells at G2. (I) ROC curve (red lines) to identify the optimal threshold used in 
H. For (G) AUC=0.37 (not predictive) and for (I) AUC=0.8 (predictive of cell fate). (J-
M) Single cell lineages tracked through time (40 hours). Each nucleus image is outlined 
in a color associated with its ploidy: yellow= 2C, blue= 4C, and red= 8C and higher. (J-
K) giant cell (L-M) small cell lineage. (N-Q) tracked mCitrine-ATML1 concentration 
levels corresponding to the single cell lineages in (H-K). Note that in (P) a 2C cell passes 
the giant cell threshold but then divides at t=8h. Additionally in (Q) a 4C cell approaches 
the giant cell threshold but then divides at t=32h. A total of 80 lineages analyzed (n= 413 
cells). 
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Supplemental Figure 3:  3rd flower that demonstrates ATML1 fluctuates in sepal 
epidermal cells to initiate giant cell patterning. 
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 (A) Raw images of pATML1::mCitrine-ATML1 (white) from a live imaging series of a 
developing sepal. Images were taken every 8 hours for 64 hours. (B) Heat map showing 
corresponding mCitrine-ATML1 concentrations (total fluorescence divided by area) at 
each timepoint from (A). (C) mCitrine-ATML1 concentrations tracked over time in cells 
that became giant (red) and cells that divided to stay small (blue). (D) mCitrine-ATML1 
peak concentration levels in each lineage preceding endoreduplication or mitotic division 
with a predictive concentration threshold (dashed line) derived from the ROC analysis. 
(E) ROC curve identifying a predictive threshold. AUC is 0.73. The black dot marks the 
optimal concentration threshold where the difference between TPR and FPR is maximal. 
(F-I) A threshold in G2 stage of the cell cycle is predictive whereas a threshold in G1 is 
not. (F) Optimal concentration thresholds separating giant cells from small cells at G1. 
(G) ROC curve (red lines) to identify the optimal threshold used in F. (H) Optimal 
concentration thresholds separating giant cells from small cells at G2. (I) ROC curve (red 
lines) to identify the optimal threshold used in H. For (G) AUC=0.43 (not predictive) and 
for (I) AUC=0.8 (predictive of cell fate). (J-M) Single cell lineages tracked through time 
(64 hours). Each nucleus image is outlined in a color associated with its ploidy: yellow= 
2C, blue= 4C, and red= 8C and higher. (J and L) giant cell (K and L) small cell lineage. 
(M-O) tracked mCitrine-ATML1 concentration levels corresponding to the single cell 
lineages in (H-K). Note that in (N) a 4C cell approaches the giant cell threshold but then 
divides at t=24h. Additionally, in (O) two daughter cells go on to have different cell fates. 
A total of 50 lineages analyzed (n= 195 cells). 
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Supplemental Figure 4: 4th flower that demonstrates ATML1 fluctuates in sepal 
epidermal cells to initiate giant cell patterning. 
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(A) Raw images of pATML1::mCitrine-ATML1 (white) from a live imaging series of a 
developing sepal. Images were taken every 8 hours for 64 hours. (B) Heat map showing 
corresponding mCitrine-ATML1 concentrations (total fluorescence divided by area) at 
each time point from (A). (C) mCitrine-ATML1 concentrations tracked over time in cells 
that became giant (red) and cells that divided to stay small (blue). (D) mCitrine-ATML1 
peak concentration levels in each lineage preceding endoreduplication or mitotic division 
with a predictive concentration threshold (dashed line) derived from the ROC analysis. 
(E) ROC curve identifying a predictive threshold. AUC is 0.78.  The black dot marks the 
optimal concentration threshold where the difference between TPR and FPR is maximal. 
(F-I) A threshold in G2 stage of the cell cycle is predictive whereas a threshold in G1 is 
not. (F) Optimal concentration thresholds separating giant cells from small cells at G1. 
(G) ROC curve (red lines) to identify the optimal threshold used in F. (H) Optimal 
concentration thresholds separating giant cells from small cells at G2. (I) ROC curve (red 
lines) to identify the optimal threshold used in H. For (G) AUC=0.37 (not predictive) and 
for (I) AUC=0.84 (predictive of cell fate). (J-M) Single cell lineages tracked through 
time (64 hours). Each nucleus image is outlined in a color associated with its ploidy: 
yellow= 2C, blue= 4C, and red= 8C and higher. (J-K) giant cell (L-M) small cell lineage. 
(N-Q) tracked mCitrine-ATML1 concentration levels corresponding to the single cell 
lineages in (H-K). Note that in (Q) two daughter cells go on to have different cell fates. A 
total of 80 lineages analyzed (n= 436 cells). 
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Supplemental Figure 5. Giant cells can be identified by their large, elongated, 
endoreduplicating nuclei. 

(A) Confocal image of two sepals expressing pATML1::mCitrine-ATML1 (Green) in the 
nucleus and the plasma membrane marker pML1:mCherry-RCI2A (Red). Asterisks mark 
giant endoreduplicating cells. Note that endoreduplicated nuclei exhibit an elongated 
shape. (B) Nuclear area and cell area were quantified from (A) and show a linear 
correlation (R2=0.87). Red, blue and yellow correspond to respective ploidy 
classifications based on an area threshold (Box 2). 
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Supplemental Figure 6. Simulation results showing different stochastic time courses.  
 
Time courses for cells committing to the (A and C) giant fate and (B and D) small cell 
fate of  ATML1 (left), its target (middle left for A and B; middle for C and D) and the 
timer (middle right for A and B). Colors of the time traces represent the cell ploidy, as in 
Figure 5. Right panels in show the ATML1 time courses as in the left panel but with less 
time resolution, which we refer to as coarse-grained time courses. Such coarse-grained 
time courses are shown to emulate an experimental time courses.  Dot colors in the 
coarse-grained time course panels represent the ploidy, following the color code in Figure 
5B, while the line color refers in this case to the cell type at the end of the simulation, 
being orange for giant cells and blue for the small dividing cells.  Horizontal red lines in 
the ATML1 panels represent the predicted soft threshold ΘA

* and the red shaded region is 
a measure of its error (Materials and Methods). The other horizontal lines in the target 
and timer variables show the different thresholds set in the simulations. Coarse-grained 
time courses show we may lose some ATML1 peaks due to the lower time resolution, 
and this might slightly decrease the levels of the predicted threshold with respect to the 
threshold predicted from traces with higher time resolution. Cells with ATML1 levels 
reaching the predicted soft threshold in G2 are likely to have the corresponding 
downstream target levels above the target threshold, driving endoreduplication (see A). 
However, ATML1 may even cross the predicted soft threshold, and still not drive giant 
cell endoreduplication, if the target does not cross its own threshold (see C middle and 
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right). On the other side, cells being close to but not reaching the ATML1 threshold 
might endoreduplicate, provided that the target crosses its corresponding threshold (C 
left, middle).  Parameter values are described in Table 1. 
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Supplemental Figure 7. Stochastic fluctuations are essential for generating the giant 
cell patterning.  
 
Phase diagrams across the parameter space of basal ATML1 production rates and 
ATML1 auto-induction rates showing (A and C) the fraction of giant cells in the tissue 
and (B and D) the CVs of the ATML1 concentration in the tissue at (A- B) higher 
(E0=15) and (C- D) lower (E0=1500) noise intensities. Note that the noise intensity is 
inversely proportional to the characteristic cell size E0. At higher basal ATML1 
production rates, all cells cross the ATML1 soft threshold and endoreduplicate to become 
giant (fraction of giant cells = 1, colored dark red on the heat map). Conversely, at lower 
basal ATML1 production rates, all cells divide to remain small (fraction of giant cells = 
0, colored dark blue on the heat map). For a certain range of basal ATML1 production 
rates, dynamic stochastic fluctuations create a salt-and-pepper pattern of giant cells 
interspersed between mitotically dividing cells (rainbow region of the parameter space). 
At lower noise intensities, no pattern emerges in a wide visible region of the studied 
parameter space, and the modeled sepal has either just non-giant or giant cells. A few 
parameter values might still drive a salt-and-pepper pattern at low noise intensities, 
provided that the initial conditions are sufficiently noisy. Parameter values are described 
in Table 1. 
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Supplemental Figure 8. Classification analysis of the simulated data shows that a 
weak feedback or no feedback in ATML1 reproduces the experimental 
observations.  
 
Analysis for (A-D) full and (F-J) coarse grained simulated time courses show we get 
equivalent AUC values and similar ATML1 soft thresholds. (A and F) AUC values of 5 
simulations with different random initial conditions. (B) Scatter plot showing the 
maximal ATML1 levels and the corresponding target levels at 4C for (red) giant and 
(blue) small dividing cells. Dashed vertical and horizontal lines show the imposed hard 
threshold for the target (ΘT ) and the predicted soft threshold for ATML1 (ΘA

*) 
(Methods). This plot shows that a hard threshold in the target results in a soft threshold in 
ATML1: above the soft threshold ΘA

*, we find cells having higher and lower maximal 
target levels than the target threshold ΘT, becoming giant cells or remaining as small 
cells, respectively.(C-D, I-J) Spread plots showing the maxima of the ATML1 at 2C and 
4C and the predicted ATML1 threshold ΘA

*. (E) Spread plot of the maximal target values 
at 4C and the predicted target threshold ΘT

*. Notice that the predicted hard threshold for 
the target ΘT

* accurately matches the assigned target threshold ΘT (see panel B). (G-H) 
ROC curves for the coarse-grained time course (see Figure 5 F-G for the equivalent ROC 
curves computed with the simulated time resolution of 0.1).  (K-N) ROC analysis 
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performed on simulated data with (K-L) higher and (M-N) lower time resolution in the 
parameter space show equivalent AUC trends. This analysis show that cells can be 
classified with respect to its maximal ATML1 levels at 4C but not in 2C in a wide region 
of the parameter space, namely, when there is no feedback, or when there is weak 
feedback. This is in agreement with the analysis of the experimental data. In contrast, 
with higher feedback strengths, maximal ATML1 levels in both 2C and 4C become 
predictive of giant cell fate, which does not correspond to our experimental data. The 
ROC analysis has been performed just in the parameter region where simulations lead to 
a pattern of giant and dividing cells, i.e., where the fraction of giant cells in the tissue 
being between 0 and 1. ROC analysis in higher (K-L) and lower (M-N) time resolution 
time courses give equivalent results. (O-P) ROC analysis in the parameter space for a 
model where the target can induce endoreduplication throughout the whole cell cycle and 
not just in G2. The time resolution for the ROC analysis and threshold determination was 
0.1 AU for A-E panels, 8 for F-J and M-N panels, and 0.5 for K-L and O-P panels. 
Parameter values are described in Table 1. 
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Supplemental Figure 9. Simulation results of the model with different ATML1 auto-
induction strengths show different qualitative behaviors.  

Simulations with different feedback strengths and different ATML1 basal production 
rates that lead to similar percentages of giant cells in the tissue (7 to 9 %) are shown. 
Histograms of ATML1 concentrations (left), ATML1 time traces for cells becoming giant 
cells (middle left), ROC analysis (middle right) and percentages of cells with the different 
ploidies. Boxplots are obtained from 5 simulations with different initial conditions 
(middle right and right panels). The stronger is the feedback, the higher is the CV for the 
ATML1 concentrations. No feedback or a weak feedback give rise to a unimodal 
distribution of ATML1 concentrations (A-C), while a stronger feedback can give rise to a 
bimodal distribution (D).  For no feedback (A) or weaker feedback (B), small and fast 
fluctuations drive the singling out of cells for endoreduplication. Stronger feedback 
strengths make larger fluctuations appear, whose time-scales are larger (C-D). This 
makes the ATML1 peak levels at 2C equivalent to 4C levels. In these cases, the AUC 
values are also high at 2C, which does not correspond to the experimental data. Similar 
fractions of giant cells are produced by all four induction strengths (A-D). Color codes of 
the time traces are as in Supplemental figure 6. The red lines and shaded bands in the 
time traces represent the predicted ATML1 soft threshold  ΘA

* (Materials and Methods). 
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Feedback auto-induction strengths and basal production rates for the different panels are 
(A) VA=0, PA=1.41, (B)  VA=1.25, PA=1.14, (C) VA=1.75, PA= 1.01 and (D) VA=2.5, 
PA=0.88,  respectively. Left and right panel in (C) are also shown in Figure 5 and 
Supplemental figure 6, respectively. Other parameter values are described in Table 1. 
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Supplemental figure 10: Mean normalized mCitrine-ATML1 concentrations for all 
four pATML1::mCitrine-ATML1;atml1-3 flowers 
 
(A) mCitrine-ATML1 flower number 1 (shown in figure 4). Flower has an inferred 
normalized ATML1 concentration peak threshold of 1.21. (B) mCitrine flower number 2 
(shown in Supplemental figure 2). Flower has an inferred normalized ATML1 
concentration peak threshold of 1.41. (C) mCitrine-ATML1 flower number 3 (shown in 
Supplemental figure 3. Flower has an inferred normalized ATML1 concentration peak 
threshold of 1.45. (D) mCitrine-ATML1 flower number 4 (shown in Supplemental figure 
4). Flower has an inferred normalized ATML1 concentration peak threshold of 1.55. The 
average normalized ATML1 concentration peak threshold for all four flowers is 1.4. This 
threshold value was established as the common threshold.  
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Supplemental figure 11: 2nd flower demonstrating that a threshold-based 
mechanism is consistent with increased giant cell formation in ATML1 
overexpression lines. 
 
(A) Raw images of pPDF1::GFP-ATML1 (white) from a live imaging series of a 
developing overexpression sepal. Images were taken every 8 hours for 56 hours. (B) Heat 
maps showing corresponding GFP-ATML1 concentrations (total fluorescence divided by 
area) at each timepoint from (A). (C-D) Single giant cells tracked through time (56 
hours). Each denoised nucleus image is outlined in a color associated with its ploidy: 
yellow= 2C, blue= 4C, and red= 8C and higher. Note that the giant cells cross the 
threshold while they are in G2 (4C) of the cell cycle. Moreover, in (D) the cell 
endoreduplicates but then divides. (E-F) Tracked GFP-ATML1 normalized concentration 
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levels corresponding to the single cell lineages in (C-D). The ploidy at each point 
corresponds to the color of the dot, as above. GFP-ATML1 concentrations in all cell 
lineages are plotted in grey for context. (G) Normalized GFP-ATML1 concentrations 
tracked over time. Note that most cells tracked are red and become giant and a few small 
cells area tracked in blue. A total of 28 lineages were tracked (n= 198 cells). 
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Supplemental figure 12: 3rd flower demonstrating that a threshold-based 
mechanism is consistent with increased giant cell formation in ATML1 
overexpression lines. 
 
(A) Raw images of pPDF1::GFP-ATML1 (white) from a live imaging series of a 
developing overexpression sepal. Images were taken every 8 hours for 56 hours. (B) Heat 
maps showing corresponding GFP-ATML1 concentrations (total fluorescence divided by 
area) at each timepoint from (A). (C-D) Single giant cells tracked through time (56 
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hours). Each denoised nucleus image is outlined in a color associated with its ploidy: 
yellow= 2C, blue= 4C, and red= 8C and higher. Note that the giant cells cross the 
threshold while they are in G2 (4C) of the cell cycle. (E-F) Tracked GFP-ATML1 
normalized concentration levels corresponding to the single cell lineages in (C-D). The 
ploidy at each point corresponds to the color of the dot, as above. GFP-ATML1 
concentrations in all cell lineages are plotted in grey for context. (G) Normalized GFP-
ATML1 concentrations tracked over time. Note that most cells tracked are red and 
become giant and a few small cells are tracked in blue. A total of 33 lineages were 
tracked (n= 257 cells). 
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Supplemental Figure 13: 2nd flower showing that dynamic fluctuations of ATML1 
are independent of endoreduplication. 
 
 (A) Raw images of pATML1::mCitrine-ATML1 (white) from a live imaging series of a 
developing lgo mutant sepal. Images were taken every 8 hours for 64 hours. (B) Heat 
map showing corresponding mCitrine-ATML1 concentrations (total fluorescence divided 
by area) at each timepoint from (A). (C) Traces of cells that do not reach the inferred 
threshold (1.4) in G2 of the cell cycle and are predicted to remain small, nsmall=87. (D) 
Cell traces of cells that reach the inferred threshold (1.4) during G2 of the cell cycle that 
are predicted to become giant. ngiant=26. (E) Single small cell lineage tracked through 
time (64 hours). Each nucleus image is outlined in a color associated with its ploidy: 
yellow= 2C, blue= 4C. (F) tracked mCitrine-ATML1 concentration levels corresponding 
to the single cell lineage in (E). A total of 196 lineages were tracked (n= 756 cells). 
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Supplemental Figure 14: 3rd flower showing that dynamic fluctuations of ATML1 
are independent of endoreduplication. 
 
 (A) Raw images of pATML1::mCitrine-ATML1 (white) from a live imaging series of a 
developing lgo mutant sepal. Images were taken every 8 hours for 64 hours. Labels below 
the snapshots display the time after the time course was initiated, in hour units. (B) Heat 
map showing corresponding mCitrine-ATML1 concentrations (total fluorescence divided 
by area) at each timepoint from (A). (C) Traces of cells that do not reach the inferred 
threshold (1.4) in G2 of the cell cycle and are predicted to remain small. nsmall=128. (D) 
Cell traces of cells that reach the inferred threshold (1.4) during G2 of the cell cycle that 
are predicted to become giant. ngiant=8. (E) Single small cell lineage tracked through time 
(64 hours). Each nucleus image is outlined in a color associated with its ploidy: yellow= 
2C, blue= 4C. The cell with the X is lost from our tracking. (F) tracked mCitrine-ATML1 
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concentration levels corresponding to the single cell lineage in (E). A total of 151 
lineages were tracked (n= 619 cells). 
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Supplemental 15. ACR4 and DEK1 act in the giant cell patterning pathway. 

 (A-B) SEM images of a sepal overexpressing (OX) ATML1 under the PDF1 promoter 
(pPDF1::FLAG-ATML1). (C-D) SEM images of a wild type sepal. (E-F) SEM images of 
sepal homozygous for both ATML1 OX transgene and acr4 mutation. (G-H) SEM images 
of acr4-2 mutant sepal. Note that the number of giant cells is severely reduced. (I-J) 
SEM images of a sepal homozygous for both ATML1 OX transgene and dek1-4 mutation. 
Sepal contains no giant cells. (K-L) SEM image of dek1-4 mutant sepal. Note that no 
giant cells form. All giant cells are false colored red. Scalebars in A-L, 100µm. 
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Table 1. Main parameter values used for simulations in Figures 5 and 6 and 
Supplemental figures 6-9. We omit time and concentration units, since all are considered 
arbitrary.  

Parameter Description Values 
PA ATML1 basal production rate 1.14 
VA ATML1 auto-induction rate 1.25 
KA ATML1 concentration for half ATML1 auto-

induction maximal rate 
1.9 

nA Hill coefficient for ATML1 auto-induction 5 
GA ATML1 degradation rate 1 

VT Target maximal production rate  10  
KT ATML1 concentration for half ATML1-

mediated target maximal production rate  
2 

nT Hill coefficient for ATML1-mediated target 
induction 

1 

GT Target degradation rate 10 
ΘT Target threshold for inhibiting mitosis 0.6 
ΘC,S Timer threshold for synthesis 2  
ΘC,D Timer threshold for timer resetting 3  
PC  Timer	  basal	  production	  rate  0.1 
E0 Characteristic effective volume 15 
	   Exponential	  radial	  growth	  rate	   0.007	  
	   Exponential	  added	  growth	  rate	  to	  the	  

vertical	  direction	  
0.012	  

 
 
Supplemental figure legends 
 
 
Supplemental movie 1. A movie of a developing pATML1::mCitrine-ATML1; atm1l-3 
sepal shown in Figure 4. The sepal primordium is live imaged every 8 hours until giant 
cells form.  
 
Supplemental movie 2. A movie of a developing pATML1::mCitrine-ATML1; atm1l-3 
sepal shown in Supplemental figure 2. The sepal primordium is live imaged every 8 
hours until giant cells form.  
 
Supplemental movie 3. A movie of a developing pATML1::mCitrine-ATML1; atm1l-3 
sepal shown in Supplemental figure 3. The sepal primordium is live imaged every 8 
hours until giant cells form.  
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Supplemental movie 4. A movie of a developing pATML1::mCitrine-ATML1; atm1l-3 
sepal shown in Supplemental figure 4. The sepal primordium is live imaged every 8 
hours until giant cells form.  
 
Supplemental movie 5.  Simulation results showing ATML1, target, timer levels and cell 
ploidies throughout time in a growing tissue.  Cells that cannot divide, increase their 
ploidy, becoming giant cells. The time resolution of the displayed movie (0.5) is lower 
than the actual simulation time step (0.1), so fluctuations in ATML1 and in the target 
may be missed. Color scales in the ATML1 and target variables have been truncated for 
the sake of better visualizing the fluctuations. Parameter values are described in Table 1. 
 
Supplemental movie 6. A movie of a developing pPDF1::GFP-ATML1 sepal shown in 
Figure 7. The sepal primordium is live imaged every 8 hours until giant cells form.  
 
Supplemental movie 7. A movie of a developing pPDF1::GFP-ATML1 sepal shown in 
Supplemental movie 11. The sepal primordium is live imaged every 8 hours until giant 
cells form.  
 
Supplemental movie 8. A movie of a developing pPDF1::GFP-ATML1 sepal shown in 
Supplemental movie 12. The sepal primordium is live imaged every 8 hours until giant 
cells form.  
 
Supplemental movie 9. A movie of a developing pATML1::mCitrine-ATML1; lgo sepal 
shown in Figure 8. The sepal primordium is live imaged every 8 hours throughout 
development. 
 
Supplemental movie 10. A movie of a developing pATML1::mCitrine-ATML1; lgo sepal 
shown in Supplemental figure 13. The sepal primordium is live imaged every 8 hours 
throughout development. 
 
Supplemental movie 11. A movie of a developing pATML1::mCitrine-ATML1; lgo sepal 
shown in Supplemental figure 14. The sepal primordium is live imaged every 8 hours 
throughout development. 
 
 
Supplemental movie 12. A movie of a developing pATML1::mCitrine-ATML1; atml1-3 
sepal. The sepal primordium is live imaged every hour to capture the size (area) of cells 
before and after division.  
 
Supplemental movie 13. A movie of a developing pATML1::mCitrine-ATML1; atml1-3 
sepal. The sepal primordium is live imaged every hour to capture the size (area) of cells 
before and after division.  
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Growth of tissues is highly reproducible; yet, growth of individual cells in a tissue is highly variable, and neighboring cells can
grow at different rates. We analyzed the growth of epidermal cell lineages in the Arabidopsis (Arabidopsis thaliana) sepal to
determine how the growth curves of individual cell lineages relate to one another in a developing tissue. To identify underlying
growth trends, we developed a continuous displacement field to predict spatially averaged growth rates. We showed that this
displacement field accurately describes the growth of sepal cell lineages and reveals underlying trends within the variability of in
vivo cellular growth. We found that the tissue, individual cell lineages, and cell walls all exhibit growth rates that are initially
low, accelerate to a maximum, and decrease again. Accordingly, these growth curves can be represented by sigmoid functions.
We examined the relationships among the cell lineage growth curves and surprisingly found that all lineages reach the same
maximum growth rate relative to their size. However, the cell lineages are not synchronized; each cell lineage reaches this
same maximum relative growth rate but at different times. The heterogeneity in observed growth results from shifting the same
underlying sigmoid curve in time and scaling by size. Thus, despite the variability in growth observed in our study and others,
individual cell lineages in the developing sepal follow similarly shaped growth curves.

Cells undergo multiple rounds of growth and divi-
sion to create reproducible tissues. In some plant tis-
sues, such as expanding cotyledons, reproducibility can
occur on a cellular level during specific intervals of
development, where cotyledon cells exhibit uniform
cellular growth (Zhang et al., 2011). However, several
studies on cell division and growth in other developing
plant tissues have demonstrated that plant cells exhibit
considerable cell-to-cell variability during development

(Meyer and Roeder, 2014). For example, in both the
Arabidopsis (Arabidopsis thaliana) meristem and leaf
epidermis, cells show spatiotemporal variation in in-
dividual cell growth rates (GRs; Asl et al., 2011; Elsner
et al., 2012; Kierzkowski et al., 2012; Uyttewaal et al.,
2012). Furthermore, cell divisions have been observed
with marked randomness in their timing and orienta-
tion (Roeder et al., 2010; Besson and Dumais, 2011;
Roeder, 2012). In this study, we identify a hidden, un-
derlying pattern in the seemingly randomGR (Box 1) of
cells during the formation of sepals in Arabidopsis.

Plant cell growth is definedas an increase in cell size due
to an irreversible expansion of the cell wall. Neighboring
cells physically accommodate one another during plant
growth because their cell walls are glued together with a
pectin-rich middle lamella, which prevents cell mobility.
The cell wall is a thin, stiff layer composed of a polymer
matrix including cellulose, hemicellulose, and pectin
(Somerville et al., 2004; Cosgrove, 2005). Plant cells change
their size and shape by modifying their turgor pressure
and/or the mechanical properties of their walls, such as
elasticity, plasticity, and extensibility. Growing plant cells
exert forces on their neighbors through theirwalls, and cell
wall stresses created by these forces feed back to alter the
growth anisotropy (Hamant et al., 2008; Sampathkumar
et al., 2014). Although these feedbacks can coordinate
growth, they may also amplify differences in growth be-
tween neighboring cells (Uyttewaal et al., 2012).

Two competing computationalmodels have proposed
explanations of the cellular heterogeneity observed in
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growing tissues by making different assumptions about
how cells grow. In the first, it is assumed that relative
growth rates (RGRs) of all cells are uniform in space and
time, whereas variation in the timing of division causes
the heterogeneity of cell sizes (Roeder et al., 2010). This
model suggests that cell divisions cut the sepal into
semiindependent cells, which grow uniformly within
the expanding organ (Kaplan andHagemann, 1991). The
second model postulates the reverse process: timing of
cell division is uniform, but cellular growth is variable
and depends on the size of the cell (Asl et al., 2011). This
model suggests that cells are autonomous. Currently,
there is biological evidence for both models. Variability
in cell division timing is observed in sepals and meri-
stems, whereas variability in cellular GRs has been ob-
served in leaves and meristem cells (Reddy et al., 2004;
Roeder et al., 2010; Asl et al., 2011; Elsner et al., 2012;
Kierzkowski et al., 2012; Uyttewaal et al., 2012). Thus,
the debate on how the growth of individual cells within
an organ relates to one another remains unresolved.
The identification of underlying patterns in noisy cel-

lular growth processes is challenging. Technical difficul-
ties include the capability for cellular-resolution imaging
of the tissue at sufficiently small time intervals. Previous
studies (Zhang et al., 2011; Elsner et al., 2012; Kierzkowski
et al., 2012) did not image and track individual cells, or
they had a coarse time resolution, with 11- to 48-h inter-
vals between images, which may have hidden important
temporal dynamics. We studied growing cells in the
Arabidopsis sepal, which allows for live imaging with
cellular resolution at 6-h intervals (Roeder et al., 2010). The
sepal is the leaf-like outermost floral organ of Arabidopsis
(Fig. 1) with four sepals of stereotypical size produced per
flower. Its accessibility for live imagingmakes the sepal an
excellent system for studying organogenesis (Roeder
et al., 2010, 2011, 2012; Qu et al., 2014). Sepals exhibit
high cellular variability in the timing of division and

endoreduplication, an alternative cell cycle in which a cell
replicates its DNA but fails to divide (Roeder et al., 2010).
Furthermore, quantifying cell growth in sepals may shed
light on growth mechanisms of other plant organs, such
as leaves (Poethig and Sussex, 1985; Roeder et al., 2010).

Another key challenge in analyzing cellular growth is
the identification of trends in noisy data. Inaccuracies in
data acquisition, such as segmentation errors, and noisy
growth of individual cells can hide meaningful spatio-
temporal trends in growth. GRs measured over longer
time intervals will have reduced noise, but they may also
obscure important temporal dynamics. Alternatively,
previous studies have examined growth of the whole
organ or its subregions to avoid cellular noise (DeVeylder
et al., 2001; Mündermann et al., 2005; Rolland-Lagan
et al., 2005, 2014; Kuchen et al., 2012; Remmler and
Rolland-Lagan, 2012). However, precise cellular patterns
are not resolved. In our study, we use cellular resolution
data to define spatially averaged kinematics while keep-
ing the full temporal resolution to identify course-grained
spatial trends in the dynamics of cellular growth (Box 1).

We analyze the relationships among the growth of
individual cell lineages in a developing Arabidopsis se-
pal by live imaging and computational analyses. We
have developed continuous low-order displacement
fields to represent the spatially averaged kinematics of
the sepal (Box 1). We find that the growth of the tissue
surface area, cell lineage area, and wall length follows S
curves, suggesting that their GRs vary over time. Addi-
tionally, we find that there is a linear correlation between
themaximumGR (i.e. size increase per hour) and the size
of the cell. We furthermore find that each sepal cell line-
age reaches the samemaximum RGR (i.e. GR divided by
size). However, each cell reaches the maximum RGR at a
different time during its development, generating the
observed heterogeneity. Thus, we find underlying simi-
larities in the growth curves of sepal cells.

Box 1. Definitions of GR terms. (For details on the calculations, see “Materials and Methods.”)
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RESULTS

To determine how the growth of plant cells within a
tissue relate to one another, we analyzed the growth of
sepal epidermal cells by live imaging, developing
flowers at 6-h intervals. We tracked the cell lineages
using the MorphoGraphX (http://www.mpipz.mpg.
de/MorphoGraphX/) image processing and analysis
software (Fig. 2; Supplemental Videos S1 and S2;
Supplemental Fig. S1; Kierzkowski et al., 2012; Barbier
de Reuille et al., 2015). In MorphoGraphX, we extracted
a surface mesh from each image and projected the re-
spective fluorescent nuclear and plasma membrane
markers (Supplemental Fig. S2; for details, see “Materials
and Methods”). The cells were then segmented, their
lineages were tracked, and their growth was measured
on the surface mesh. Thus, our growth analysis is based
on complete information about the size and location of
each cell and each of its descendants every 6 h for at

least 66 h during the development of the sepal. We an-
alyzed four flowers (arbitrarily named A–D for conve-
nience) including more than 600 cells. Flower A shows a
lateral sepal, and flowers B, C, and D show medial se-
pals. All flowers showed the same overall trends; flow-
ers C and D are presented in the supplement.

Filtering Growth Noise with a Continuous Low-Order
Displacement Field

Previous studies have shown that there are striking
differences in GRs between neighboring cells in leaves
and meristems (Asl et al., 2011; Elsner et al., 2012;
Kierzkowski et al., 2012). Likewise, in sepals, we found
that the RGRs (i.e. GR divided by cell area) of cell line-
ages over consecutive 6-h intervals were noisy, and
that neighboring cells commonly had different GRs
(Fig. 3; Box 1; Supplemental Videos S3 and S4;
Supplemental Fig. S3).We considered the growth of cell

Figure 2. Cell lineage tracking in live
images of growing Arabidopsis sepals.
Segmented cells and tracked cell line-
ages at an initial time point, after 36 and
72 h for a lateral sepal in flower A (A)
and a medial sepal in flower B (B). Each
segmented cell in the figure is colored
according to the lineage, which means
that cells with the samemother have the
same color. More than one lineage can
have the same color. The segmented
cells (colored) are displayed on top of
the original fluorescent plasma mem-
brane and nuclear data (gray). Scale =
50 mm.

Figure 1. Diverse sizes of Arabidopsis sepal cells.
A, Four sepals (s) are the outermost green leaf-like
floral organs in Arabidopsis. B and C, Scanning
electron micrographs of a mature Arabidopsis
sepal show that the outer epidermal cells have a
wide range of sizes. Asterisks mark some of the
largest cells (giant cells) that can span 1/4 the
length of the sepal. Scale = 100 mm.
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lineages instead of individual cells so that we could
include dividing cells in the analysis. If a cell divided
during the time interval, we summed the areas of the
daughter cells for the calculations. Similar to leaf cells
(Elsner et al., 2012), GRs of sepal cells also changed in
time, such that a fast-growing cell in one interval might

grow slowly in the next interval, and vice versa. Al-
though much of this variability in GR was attributed to
biological processes, we estimated about 20% is due to
segmentation errors (see “Materials andMethods”).We
therefore spatially averaged the kinematics of cells to
identify trends in the growth data. Each trend initially

Figure 4. A low-order displacement
field smoothens growth. The RGR for
each cell lineage using the spatially
averaged data for flowers A (A) and B (B)
is considerably less noisy than the same
quantity extracted from the real data
(Fig. 3). The colormap displays the av-
erage RGRi = ln(Ai+1 / Ai) / (ti+1 2 ti). The
cell areas Ai and Ai+1 at two subsequent
time points ti and ti+1 are computedwith
the low-order displacement fields u(X, ti)
and u(X, ti+1), respectively. RGRi is
displayed on the cells of the sepal at
time ti, showing the growth in the fol-
lowing time interval.

Figure 3. The RGR for each cell/lineage
computed over a 6-h interval for flowers
A (A) and B (B) is noisy, varying greatly
from cell to cell. The colormap displays
the average RGRi, which is computed
by comparing cell areas Ai and Ai+1 at
two subsequent time points ti and ti+1 as
RGRi = ln(Ai+1 / Ai) / (ti+1 2 ti). RGRi is
displayed on the cells of the sepal at
time ti, showing the growth in the fol-
lowing time interval.
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identified in the spatially averaged data was subse-
quently assessed in the real data.

To determine spatially averaged kinematics, we used
continuous low-order displacement fields u(X, t) (Box 1;
for details, see “Materials andMethods”). Wewere able
to apply a continuous displacement field to represent
tissue growth because the walls of neighboring plant
cells cannot slip relative to one another, and connec-
tivity in the tissue is preserved. For each flower, we
defined a reference time point image (i.e. a time point
that contains the highest number of shared landmarks
among the live-imaging series). For each time point tj,
we used the centers of shared cells and wall segments
between that image and the reference image as land-
mark points to derive the best-fitting low-order func-
tion u(X, tj) among linear, quadratic, and cubic models
(for details, see “Materials and Methods”). In all cases,
the number of data points was considerably larger than
the number of fitting parameters. When choosing the
best-fitting model, we avoided overfitting by selecting
themodel according to the Akaike information criterion
(Burnham and Anderson, 2002).

Global low-order displacement fields spatially aver-
age growth by smoothing and approximating the

change of location of the cell’s landmark points. Using
these low-order displacement fields and the cell shapes
in the reference time point, we calculated a new set of cell
areas and wall lengths for each time point, giving us an
averaged data set. This data set was compared with the
real data, which are derived directly from the live
imaging (Fig. 3). In the averaged data, we were able
to observe smooth changes in GRs between contig-
uous cells (Fig. 4; Supplemental Videos S5 and S6;
Supplemental Fig. S4). Due to the spatial averaging, we
do not see large variations in the GRs of neighboring
cells. However, we often observed that growth varied in
time: fast-growing regions could become slow, whereas
slow-growing regions could become fast.

To test whether the displacement field accurately de-
scribed the growth of the sepal cell lineages, we initial-
ized the cell outlines from the reference time point and
grew them in silico according to our calculated defor-
mation gradient. We compared the resulting spatially
averaged cell lineages with the real cell lineages that we
hadmeasured during live imaging (Fig. 5; Supplemental
Fig. S5). The quality of the fit was quantified with the
coefficient of determination (R2) and the RMSE. Strik-
ingly, the low-order displacement fields u(X, tj) fit each

Figure 5. Spatially averaged kinematics
fits the real datawell. Comparison of the
predicted cell lineage growth using the
continuous low-order displacement
fields u(X, tj; orange lines) with the real
imaging data (black lines) at time points
30 h before (A) or 42 h after (C) the
reference time point (B) for flower A and
18 h before (D) or 72 h after (F) the ref-
erence time point (E) for flower B. Note
that the predicted and real data match
remarkably well as the coefficient of
determination (R2) is close to 1 and the
root mean squared error (RMSE) is low.
To simplify the comparison visually in
the figure, each wall segment is repre-
sented as a straight line. The prediction
is for cell lineages and does not take into
account cell division. At time points
before the reference time, the predicted
data contain cells, which have not di-
vided yet in the real data, such that two
predicted cells may match one real cell.
At time points after, the opposite is the
case, such that several real cells may
match one predicted cell. For the real
imaging data, we show these additional
walls as black dashed lines. We do not
expect the prediction to match these
walls, as they did not exist in the refer-
ence time point.
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flower well (flower A: R2 . 0.98 and RMSE , 1.5 mm;
flower B: R2 . 0.97 and RMSE , 2.6 mm).
We further compared the data obtained from images

and the spatially averaged data computed from the
low-order displacement fields for individual cells. Oc-
casionally, we observed neighbors, in which one cell
grew faster than the spatially averaged predictionwhile
its neighbor grew slower than the predicted rate (Fig. 6).
This substantiates that the displacement field is a good
spatial average of the actual data. As expected, we also
observed that the real data were considerably noisier
than the spatially averaged data in most cases (Fig. 6).

Uniform Growth in Space Is a Good Approximation for
Sepal Cell Lineage Growth

In our previous simple geometric model (Roeder et al.,
2010), we approximated sepal growth as uniform in
space and time, and suggested that cell size diversity
resulted from differences in cell cycle duration. To de-
termine how much sepal cell lineage growth deviates
from the uniform growth hypothesis, we defined a cubic
displacement function u(X, tj) with the constraint of
having uniformgrowth in space for thewhole sepal, such
that the area of each cell lineage increased by the same
proportion.We used the same landmark points as for the
previous unconstrained displacement field u(X, tj). To
optimize the fit, we minimized the distance from the
displaced landmark points to the real landmark points as
in the unconstrained fit. To ensure uniform growth, we
additionally minimized the SD of the cell area increase.
Since we fitted u(X, tj) independently for each time point
tj, the GR could vary in time. To compare with the real
growth of the sepal, we again took the cell outlines from
the reference time point and grew them as the tissue
would grow according to the uniform growth hypothesis
to produce predicted cell lineages and walls. Remark-
ably, the cell lineages predicted by uniform growth
matched considerably well with the real cell lineages that
wemeasured by live imaging (flower A: RMSE = 2.4mm,
R2 = 0.990; flower B: RMSE = 2.9 mm, R2 = 0.972; Fig. 7, B
and E; Supplemental Fig. S6). However, the match was
not quite as good as the match with the spatially aver-
aged cells from the previous unconstrained low-
order displacement field u (flower A: RMSE = 1.4 mm,

R2 = 0.997;flower B: RMSE = 2.5mm,R2 = 0.979; Fig. 7, A
and D; Supplemental Fig. S6). It is surprising how well
the uniform growth displacement field fits despite the
fact that the real and spatially averaged RGRs were not
uniform (Fig. 7, C and F; Supplemental Fig. S6). This
suggests that there might have been compensation or
averaging between cell lineages such that the overall
growth is approximately uniform.

Tissue, Cell Lineage, and Cell Wall Growth Curves Fit
S Shapes

Weexamined the tissue growth curves aswell as those
of individual cell lineages and cell walls to determine
how the GR changes in time. The tissue growth curves
were calculated by taking the sum of the areas of the cell
lineages at a given time point and dividing by the sum of
the areas of the same cell lineages in the reference time
point. To test which function most accurately captures
GR changes, we assessed whether a linear, exponential,
or sigmoid (S) curve best fit the growth data. In each
case, an S curve best fit the tissue growth curves (R2 .
0.996 and RMSE, 0.07 in all cases; Fig. 8; Supplemental
Fig. S7). Growth data for individual cell lineage areas
and individual cell wall segments also best fit S curves
(Fig. 9; Supplemental Figs. S8 and S9). We used the
Akaike information criterion to calculate the probability
that each curve type represented the data (for details, see
“Materials and Methods”). In each case, the probability
of the S curve was highest, although in some individual
cells, the linear fit was a close second (Fig. 9D). The fit of
these growth curves to an S shape implies that the GR
initially accelerates until it reaches amaximum at time tm
and starts to decelerate (Fig. 8C). Similarly, the RGR (i.e.
GR divided by area) increases until it reaches a maxi-
mum at time tx and decreases afterward (Box 1; for de-
tails, see “Materials and Methods”).

Cell Division Increases Variability in Cell Sizes, But Does
Not Have a Major Effect on the Growth Curves

As we have been considering the growth of cell line-
ages, and not taking into account cell division, we next
looked atwhether cell division has an effect on the growth

Figure 6. Spatially averaged kinematics
balance out fast and slow growing cells.
We show real (dashed) and spatially
averaged (solid) growth curves for two
neighboring cells (red and blue). The
location of the two cells is shown in the
inset (red and blue dots). We observe
that one cell grows faster than in
the spatially averaged growth curve,
whereas the other one grows slower.We
define the growth curves as cell lineage
area (Ai) at time ti divided by cell area
(Aref) at the reference time point tref
plotted against time.
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curves. We identified the points at which individual cells
divide (orange arrows in Fig. 9, C,D,G, andH) during cell
lineage growth. We did not detect differences in growth
curves due to cell division with the 6-h time resolution of
our data set. Likewise, when we categorized lineages

based on whether the initial cell had divided or not
throughout the imaging series and compared the growth
curves from these two categories, cell division did not
have a major influence on the growth curves during the
stages observed (see Supplemental Text S1).

Figure 8. Tissue growth curves fit S shapes. We compare the tissue growth (blue dots) with fits to linear (blue dotted line), ex-
ponential (red dashed line), and S (green line) curves for flowers A (A) and B (B). In all cases, the S curve fits very well (low RMSE
values and R2 values close to 1). Probabilities computed with the Akaike information criterion clearly show that the S curve is the
most likely fit to the data. C, Sketch of a representative S curve (blue) and its corresponding RGR (yellow). We focus on two
relevant time points on the curves: the time where the GR is maximal (tm), and the time where the RGR is maximal (tx). We define
the growth curves as tissue area (Ai) at time ti divided by tissue area (Aref) at the reference time point tref plotted against time.

Figure 7. Uniform growth in space predicts cellular growth. Comparison of various growth prediction methods (orange lines)
with the real imaging data (black lines). A and D, The continuous low-order displacement field prediction (orange lines) for
flowers A (A) and B (D) best match the data (black lines). These images replicate Fig. 5, C and F. B and E, Predictions (orange lines)
from a displacement field with the additional constraint to have uniform growth in space (but not time), such that the relative
increase in cell area is uniform, also matches well with the real data (black lines). It matches almost as well as the unconstrained
displacement field (R2 and RMSE). For the real imaging data, we show additional walls, which did not exist in the reference time
point or were not considered there (black dashed lines). C and F, Graph of the average RGR relative to the cell area at the reference
time shows that the real data (blue dots) and the spatially averaged data (red squares) vary greatly around the uniform RGR (green
crosses) used in the prediction for flowers A (C) and B (F).
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Since cell division does not have a major effect on
growth, we asked if it has a role in generating cell size
diversity as we have previously reported (Roeder et al.,
2010). In mature sepals, epidermal cells exhibit con-
siderable variability in size (Fig. 1, B and C). We did not
observe any obvious spatial pattern in the distribution
of large and small cells (Fig. 10, A and B; Supplemental
Fig. S10). Large epidermal cells grew next to one an-
other andwere surrounded by small cells. We observed
that the range and variability of cell areas increased

over time (Fig. 10; Supplemental Fig. S10). To determine
how this variability is generated, we compared the cell
area distributions versus nondividing cell lineages be-
fore and after 72 h of growth. We first compared the
initial distribution of cell areas with the final distribu-
tion of cell areas and observed that distribution became
broader, indicating increased variability in cell area
(Fig. 10, C and D, red curve versus green curve). We
then considered the areas of the whole-cell lineages to
determine what would have happened if the cells had

Figure 9. Individual cell lineage growth
curves fit S shapes. We show growth
(blue dots) for individual cell lineages of
flowers A (A–D) and B (E–H) using the
spatially averaged (A, C, E, and G) and
real (B, D, F, and H) data. We compare
fits to linear (blue dotted line), expo-
nential (red dashed line), and S (green
line) curves. We chose growth curves
with as many data points as possible to
reduce errors from the fit. In all cases,
the S curve fits very well (RMSE and R2

values). Probabilities computed with
the Akaike information criterion show
that the S curve is the most likely fit to
the data, although a linear function was
a close second for some cells (D). We
consider nondividing (A and B, E and F)
and dividing (C and D, G and H) cells.
Cell divisions are marked with orange
arrows but did not have a major effect
on the lineage growth curves.We define
the growth curves as cell lineage area
(Ai) at time ti divided by cell area (Aref)
at the reference time point tref plotted
against time.
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not divided. The lineage area curves appeared similar
to the initial cell area curves, except that they were
shifted to larger sizes; the curves maintained approxi-
mately the same shape and width (Fig. 10, C and D,
purple curve). This suggests that the increased varia-
bility was not due to unequal GRs of different cell line-
ages, but instead was mostly produced by nonuniform
cell divisions within those lineages. These results are
consistent with our previous analysis showing that the
diversity in cell sizes correlates with variability in the
time at which cells divide or enter endoreduplication
(Roeder et al., 2010). Since cell division did not have a
major effect on growth, we continued to focus our
analysis on cell lineages.

Each Cell Lineage Reaches the Same Maximum RGR

To determine whether there are similarities in the
underlying growth trends between cell lineages, we

analyzed the relationships between the individual best-
fitting S growth curves. Cell lineages with insufficient
data points (,8), without a meaningful fit to an S curve
(R2 , 0.9) or high uncertainty in the fitting parameters
(see Supplemental Text S1 for details), were excluded
from the analysis. Given these conditions, we observed a
strikingly linear correlation between the GR and the cell
size at time tm, the time at which the maximal GR was
reached and growth began to slow down (Fig. 11, A–D;
Supplemental Fig. S11). This linear correlation suggested
that all cell lineages at their time tm have the same RGR:
RGR(tm) = GR(tm)/area(tm) (Table I). Furthermore, we
observed a linear relationship between the GR and the
cell size at time tx, the time at which the cell line-
ages reached their maximal RGR(tx) (Fig. 11, E–H;
Supplemental Fig. S11). This suggests that each cell line-
age reaches the same maximum RGR(tx) (Table I). To
confirm this, the RGR for each cell lineage was plotted.
All cell lineages indeed reached the samemaximumRGR,
but each lineage reaches it at different times (Fig. 12).

Figure 10. Cell size variability in-
creases in time. A and B, The variability
in cell areas increases after 36 h and
further increases after 72 h compared
with the initial time point for flowers A
(A) and B (B). Each cell is represented as
a dot whose size and color (colormap)
are scaled according to the cell area.
Each dot is positioned at the cell center;
note that there is no obvious spatial
pattern in the distribution of large and
small cells. The sepal and the cell cen-
ters of each cell are flattened to two
dimensions for visualization purposes.
C and D, The cell area distribution
curves from an initial time point (red)
become broader at the final time point
72 h later (green) when cell division is
taken into account for flowers A (C) and
B (D). In contrast, when cell lineages are
considered without cell division (blue),
the curve shape is maintained and the
curve is shifted to the right due to
growth.
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Variability in Cell Lineage Growth Is Mostly Due to the
Timing of Maximum Growth and the Size of the Cell
Lineage at That Time

To investigate the relationships between cell lineage
growth curves, we aligned the growth curves in time by
removing the dependency of tm and scaled the curves
according to the lineage size at time tm. Thus, the slope
of these curves at time tm corresponds to RGR(tm). If the
value of RGR(tm) is the same for each cell lineage and
the value of RGR(tx) is the same for each cell lineage,

then the transformed S curves should collapse into a
single S curve (for details, see Supplemental Text S1). If
both RGR values are different among lineages, then the
transformed curves may differ between cells because
each growth curve is still dependent on three of the four
fitting parameters. We found that the transformed
growth curves indeed collapsed onto a single S curve
(Fig. 13; Supplemental Fig. S12). This confirmed that
RGR(tm) and RGR(tx) were the same for all lineages.
Furthermore, the collapse of these curves demonstrates

Figure 11. GR and size are linearly
correlated at times tm and tx.We analyze
growth curves for flowers A (A, C, E, and
G) and B (B, D, F, and H) using both the
spatially averaged (A and B, E and F) and
the real (C and D, G and H) data. We
consider the time point tm (A–D) when
the GR is maximal, and the time point
tx (E–H)when the RGR(t) = GR(t) / area(t)
is maximal. In all cases, we observe a
linear correlation between GR and size,
which suggests that RGR(tm) is the same
for all cell lineages in the sepal. Like-
wise, this suggests that RGR(tx) is the
same for all cell lineages in the sepal
(see Fig. 12). Both the GR [GR(tm) and
GR(tx)] and the size [area(tm) and area
(tx)] are estimated from the fit of the data
to an S curve. We only consider data
with a meaningful fit. The uncertainty
from the fit is propagated into an SD for
GR and area, which is shown in the
plots as error bars. We fit constants for
RGR(tm) and RGR(tx) and show them as
red lines, with 95% confidence bounds
as dotted lines.
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that the time at which each cell lineage reaches tm and
the size of the cell lineage at tm are the major sources of
variability in cell lineage growth. Individual cell wall
growth curves followed the same pattern as cell lineage
areas (Supplemental Figs. S13 and S14).

Spatial Trends in Growth

Our previous analysis indicated that the time tm at
which the maximum GR is reached is one of the major
sources of variation between cell lineages. We there-
fore looked for correlations of tm with other properties
of the sepal (Fig. 14; Supplemental Figs. S15 and S16).
For instance, cells elongated along the main sepal axis

might be expected to have different growth timings.
Yet, we found that there was no obvious correlation
between tm and the cell orientation within the sepal
(Fig. 14, A and D; Supplemental Figs. S15 and S16).
Likewise, we hypothesized that growth might corre-
late with the cell cycle type, whether mitotic division
or endoreduplication. However, we found that there
was no obvious correlation between tm and the type of
cell cycle as determined by the time of the last ob-
served division (cells that divided toward the end of
the time series were in mitosis, whereas those that
never divided or divided only at the start of the time
series were likely to be endoreduplicating; Fig. 14, B
and E; Supplemental Figs. S15 and S16). Thus, endo-
reduplication does not appear to have amajor effect on
the cellular growth parameters. Finally, we saw no
correlation between tm and the cell area at the reference
time point (Fig. 14, C and F; Supplemental Figs. S15
and S16), suggesting that the time point when cell
growth slows down does not depend on the cell size at
a fixed time t. However, tm followed a smooth spatial
distribution with an apical to basal trend; cells in the
top of the sepal tended to reach tm earlier than those
further down the sepal (Fig. 15, A and B; Supplemental
Fig. S17).

Although our data suggest that all cells reach the
same maximum RGR(tx), each cell reaches this maxi-
mum at a different time. Each cell and each wall seg-
ment had a different value for tm, which shifted the S
curve in time (Fig. 15, A and B; Supplemental Fig. S17).
Thus, at a single time point in the developmental se-
ries, cells have different RGR(t). We evaluated RGR(t)

Figure 12. Cell lineages reach the same
maximal RGR. We show the RGR(t) for
flowers A (A and B) and B (C and D)
obtained from the best-fitting S curve for
the spatially averaged (A and C) and the
real (B and D) data. The maximum RGR
for each lineage is marked with a dot at
RGR(tx). The uncertainty from the fit is
propagated into an SD for RGR(tx), which
is shown in the plots as error bars. Note
that all cell lineages reach the same
maximum RGR, although the time tx, at
which a cell reaches its maximum RGR,
varies between cell lineages. The con-
stant value for the maximum RGR(tx)
(Table I; Fig. 11, C, D, G, and H) is dis-
played as a dashed black line with its
95% confidence bounds as dotted lines.
We only consider data with a meaningful
fit. The curves are colored according to
tx (early [cyan] to late [purple]).

Table I. All cell lineages in the sepal have the same RGR at t = tm
(where GR is maximal) and the same RGR at t = tx (where RGR is
maximal)

We report the RGR (h21) with SDS propagated from the uncertainty of
the fit. For the average data, the constant RGR is consistently lower.
This may be explained with a noisy fit for the real data. An S curve may
better approximate noisy data using a more step-like shape, which
essentially decreases the duration of growth and increases the GRs as
observed here.

Time Point Flower
RGR (h21)

Average Data Real Data

t = tm A 0.0234 6 0.00021 0.0293 6 0.000641
t = tx A 0.0293 6 0.000128 0.0339 6 0.000488
t = tm B 0.0232 6 0.000353 0.0269 6 0.00061
t = tx B 0.0312 6 0.000437 0.0331 6 0.000602
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based on the fit to an S curve (Fig. 15, C and D;
Supplemental Videos S7 and S8; Supplemental Fig.
S17), which resulted in a smooth distribution of RGR(t)
in comparison with our initial analysis of the RGR
(Figs. 3 and 4; Supplemental Figs. S3 and S4). We ob-
served that cells at the top of the sepal reached a high
RGR first, and this high RGR subsequently moved
down the sepal. Thus, both tm and the maximum RGR
show a spatial gradient progressing from top to bot-
tom as the sepal develops.

DISCUSSION

We have quantified the growth of cell lineages in the
Arabidopsis sepal. Our results reveal that sepal cell
lineages all follow the same growth curve, but that
curve is shifted in time and scaled by size, creating the
heterogeneity in GRs observed at a single time (t) in a
tissue. Using spatially averaged, smooth displacement
fields, wewere able to capture the cellular kinematics in
the sepal and provide a consistent smoothing of the

Figure 13. Individual growth curves
can be collapsed to similar S curves.We
analyze growth curves for flowers A (A,
C, E, and G) and B (B, D, F, and H) using
both the spatially averaged (A–D) and
the real (E–H) data. The growth curves
are colored according to tm (early [cyan]
to late [purple]). A, B, E, and F, The in-
dividual growth curves f(T) show the
change in each cell lineage area in time
compared with the reference time. The
curve f(T) is only defined at discrete
time points T = t i marked with dots
[f(ti) = Ai/Aref]. We only consider data with
a meaningful fit to an S curve. C, D, G,
and H, We collapsed the growth curves
into more similar curves by aligning
them according to the nearly constant
RGR(tm). We aligned them in time by
removing the dependency of tm, and we
scaled the curves according to their size
at time tm such that their slope corre-
sponds to RGR(tm). We therefore com-
puted fc(t) = f(t + tm)/f(tm) and plotted fc(t)
against t = T – tm. Both tm and f(tm) were
estimated from the best-fitting S curve,
whereas we evaluated f(t + tm) at dis-
crete time points t = ti – tm from the ac-
tual data [fc(ti2 tm) =Ai/A(tm)]. Note that
since f still depends on three of the four
parameters defining the S curve, it was
not obvious the curves would collapse
to a single curve. The fact that the
transformed growth curves fc(t) lined up
well confirmed that the RGRs at times tm
and tx were the same for each cell
lineage.
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experimental data. We extracted growth curves for in-
dividual cell areas and wall segment lengths as well as
the tissue. We found that the growth of the tissue, the
cell lineage areas, and the length of individual cell walls
fit S curves, indicating that the GRs change in time.
Within the S curves, we observed a striking linear re-
lationship between the GR and the size of cells and
walls at the time of maximal GR (tm) and at the time of
maximal RGR (i.e. GR divided by area; tx). We found
that all cell lineages reach the same maximum RGR(tx).
However, the time at which each lineage reaches this
maximum RGR is different within the development
of the sepal, accounting for the variability of growth
observed.

Our analysis showed that the growth of tissues, cell
lineages, and walls best fit S curves. For the parameter
ranges observed in our fits, the RGR(t) plotted against
time was a bell-shaped curve (Fig. 12). This meant that,
within a single cell lineage, RGR(t) was small at early
time points, increased until it reached its maximal
value at t = tx, and then decreased again afterward.
Similarly, studies that measured the full organ growth
reported size increases consistent with a S curve
(De Veylder et al., 2001; Mündermann et al., 2005;
Kuchen et al., 2012; Remmler and Rolland-Lagan,

2012; Rolland-Lagan et al., 2014). For instance,
Mündermann et al. (2005) measured the width of sepals
and reported fits to a S curve, consistent with our
results. They also observed S curves for the growth of
leaves, petals, anthers, carpels, pedicels, and filaments
(Mündermann et al., 2005). In contrast, the growth in
size of individual bacteria or fission yeast cells have
been shown to fit bilinear curves (Reshes et al., 2008;
Baumgärtner and Toli�c-Nørrelykke, 2009).

It is common in the analysis of plant cell growth to
implicitly assume exponential growth. Plant cell growth
is often modeled with Lockhart’s equations or variants
thereof, which relate cell expansion to water uptake and
turgor pressure (Lockhart, 1965; Cosgrove, 1986). Given
a constant turgor pressure, a constant yield stress for the
cell walls, and a comparably fast water uptake, Lockhart’s
equations predict a constant RGR, which leads to
exponential growth. An S curve, such as the ones ob-
served in sepal growth, may be approximated with an
exponential curve at early times, but at intermediate and
late times, a flattening of the GRs is observed that cannot
be captured by an exponential. To explain the S curve
with Lockhart’s equation, RGR(t) can vary in time if the
cell wall’s extensibility w or the difference in water po-
tential ΔC are a function of time. Lockhart envisioned

Figure 14. Tm does not correlate with cell orientation, time of last division, or area. We looked for correlations between tm and
cell orientation (A and D), time of last division (B and E), and ln(area) (C and F) for real (blue) and spatially averaged (red) cell
lineages of flowers A (A–C) and B (D–F). The cell orientation is measured as the angle (radians) between the main sepal axis and
the main axis of each cell. The time of last division is indicative of whether the cell lineage is actively dividing (late time of last
division) or endoreduplicating (early time of last division). We take the logarithm of the cell area to avoid spreading out. Both the
area and the angle are measured at the reference time point.
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that w(t) → 0 and ΔC(t) → 0 may be two mechanisms to
slow down the growth of cylindrical plant cells that
eventually reach maturity (Lockhart, 1965). Thus, it is
not surprising to see S curves when analyzing real
growth curves. A decreasing wall extensibility wmay be
obtained by strain stiffening (Kierzkowski et al., 2012),
wall hardening (Huang et al., 2012), or by having a
thicker cell wall (Schopfer, 2006). In future studies, it will
be interesting to use the results of our study to validate
numerical models (Dupuy et al., 2010; Koumoutsakos
et al., 2011; Huang et al., 2012; Kierzkowski et al., 2012;
Fozard et al., 2013) within a Bayesian uncertainty quan-
tification and propagation framework (Angelikopoulos
et al., 2012). Such a frameworkwould be able to quantify
which model is most probable given the data.
The striking similarity in the shape of the sepal cell

lineage growth curves and the finding that all cell

lineages reach the same maximum RGR have, to our
knowledge, not been observed previously. These find-
ing suggest a common underlying growth curve. How
can this underlying similarity be explained? The simi-
larity could imply that there is global coordination
between cells within the growing tissue, or intrinsic
constraints due to gene regulation or mechanical
properties of the walls. Although we do see differences
between neighboring cells, overall, our analysis shows
that the growth of cells in the sepal is less heteroge-
neous than it initially appears. The initial appearance of
growth heterogeneity observed in our results (Fig. 3)
and others’ results can be explained by shifting the S
curves of each cell lineage in time. At a single time
point, one cell lineage may be in the initial part of the S
curve where its RGR is low, whereas its neighbor may
be at the point of the sigmoid curve where its RGR is at

Figure 15. We observe spatial trends
for the RGR and the time of maximum
growth. A and B, Spatial distribution of
tm appears smooth,with a trend from the
top to the bottom of the sepal for flowers
A (A) and B (B). We only consider data
with ameaningful fit to a S function. The
data are shown on the mesh at t = tr.
Scale = 20 mm. C and D, The RGR(t) of
flowers A (C) and B (D) at an initial time
point and 36 and 72 h later. We show
RGR(t) based on the fit to an S curve.
Note that, whereas individual neighbors
can have different RGRs, there is a peak
of faster growth that starts at the tip of
the sepal and moves downward as the
sepal develops. Scale = 50 mm.
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the maximum. At a single time point, cell lineages will
have different RGRs, whereas if we observed each cell
lineage when the RGR is at the maximum, they would
have the same RGR. Thus, neighboring cells are simply
at different stages of growth and consequently have
different RGRs at a single time point.

Most of the variability in the growth of cell lineages is
in the time tm, when the GR reaches its maximum and
starts to slow down, and the size of the cell lineage at tm.
Our analysis revealed a smooth spatial distribution of
tm. There is an apical to basal trend in tm,which parallels
the development of the sepal (Donnelly et al., 1999;
Roeder et al., 2010; Andriankaja et al., 2012). Cells at the
top of the sepal are generated first, and consequently
mature first, reaching tm earlier in development. Si-
multaneously, new cells are constantly generated at the
base of the sepal, and these cells subsequently mature,
reaching tm later in development of the sepal. This ex-
plains why cells in the tip of the sepal also reach the
maximum RGR earlier than cells lower in the sepal.
However, the apical basal gradient does not explain all
of the variation in tm, so it will be interesting to identify
other factors influencing tm in the future.

The use of continuous low-order displacement fields
enabled the filtering of spatial differences as well as
segmentation noise to capture the similarities and dif-
ferences in the growth curves of sepal cell lineages. Any
image-processing analysis is subject to errors from
segmentation noise, and such tools can help alleviate
this issue. Real spatial differences between cells may be
of interest biologically, and what we classify as noise
may be important subtle patterns in the growth (e.g.
fractals), but this hides broader trends. The spatially
averaged data from the low-order displacement field
allowed us to detect hidden similarities in growth
curves that were subsequently verified in the real data.
We believe this method will be useful for finding gen-
eral growth trends for other plant tissues. It will be in-
formative to determine whether leaf cell lineages in
Arabidopsis and other species also all have the same
maximum RGR and follow similar S curves that are
shifted in time and scaled by size. Furthermore, this
approach can be applied to animal tissues in which the
cells do not migrate relative to one another (i.e. the
bending of epithelial sheets during morphogenesis;
Martin et al., 2009). A displacement field could be fitted
to epithelial cells that are tightly bound to their neigh-
bors through junctional complexes; epithelial cell
migration is limited during many developmental
processes, with the notable exceptions of epithelial to
mesenchyme transition and convergent extension (Lim
and Thiery, 2012). In addition, the displacement fields
could directly be used to drive growth in simulation
models or to facilitate the comparison of different
samples.

Our results raise important questions for future in-
vestigations of growth. Is there a link between repro-
ducibility of organ size and the observation that all cells
reach the same maximum RGR? Does this imply that
there is global coordination occurring between the cells,

or that there is intrinsic constraint on the growth of each
cell that leads to this regularity? Isolation of mutants
disrupting the cellular or organ regularity will be key to
uncovering the underlying mechanism.

MATERIALS AND METHODS

Plant Material, Growth Conditions, and Image Acquisition

Growth and imaging of living Arabidopsis (Arabidopsis thaliana) sepals from
the Landsberg erecta accession were conducted as described previously (Roeder
et al., 2010; Cunha et al., 2012; see Supplemental Text S1 for details). Individual
flowers from different plants imaged in the first sessionwere given identifiers A
andD, whereas flowers imaged in a second session were given identifiers B and
C. Flower A was imaged for 72 h, flower B for 90 h, flower C for 102 h, and
flower D for 66 h. The division pattern of the cells for flowers A andD have been
previously analyzed (Roeder et al., 2010). Results for flowers C and D are
presented in Supplemental Figures S1, S3 to S7, S9 to S12, S16, and S17.

To define similar initial time points for the flowers (Fig. 2), we manually
aligned the fluorescent stacks of flowers A and B such that they looked similar
in size and shape (Supplemental Fig. S18). We observed that, 72 h after the
chosen initial time point, the sepals were similar in length, but flower B was
wider. Most likely, this was because we looked at a lateral sepal for flower A,
which was partly being masked by other overlying sepals.

We compared the size of the sepals with the staging of Smyth et al. (1990) by
considering the sepal height. We observed that flower A was in stages 8 and 9,
flower Bwas in stages 7 to 9, flower Cwas in stages 8 and 9, and flower Dwas in
earlier stages 4 to 8. We note that at those stages, guard cells have not fully
developed, but giant cells are forming. We also considered the sepal width and
compared with the data analyzed by Mündermann et al. (2005). We estimated
that their analysis started right after our data sets end for flowers A, B, and C.

Image Processing

We analyzed the growth of the sepals with an extended version of the
MorphoGraphX image analysis software (Supplemental Fig. S2; Supplemental
Videos S1 and S2; Kierzkowski et al., 2012; Barbier de Reuille et al., 2015). We
constructed a curved surface mesh on top of the sepal by extracting an iso-
surface of the propidium iodide-stained stack using a marching-cubes algo-
rithm. The mesh was further smoothened and refined to contain approximately
1,000 vertices per cell. We then projected the intensities of the fluorescent nuclei
and membrane markers from the stack (in a band 1–6 mm away from the sur-
face) onto the surface mesh. The surface mesh was then segmented into cells
using a watershed method. All polygons belonging to a cell were marked with
the same label. The areas of the polygons belonging to the same cell were
summed up to compute the cell area while taking into account the curvature of
the surface. The length of each cell wall segment was estimated by fitting a
quadratic function to the border vertices. This avoided errors due to the zig-zag
shape that would have appeared when following the border vertices (see
Supplemental Text S1 for details). The signal at the border of the sepal was
noisier due to the reduced resolution in the z-direction for confocal microscopy
and the curvature of the sepal. We therefore removed cells and walls next to the
border from the analysis.

To analyze growth, we have developed and used a new tool for tracking cell
lineages in MorphoGraphX (Barbier de Reuille et al., 2015). Each cell was
mapped, if possible, to its equivalent or its parent cell in the segmented mesh of
the previous time point. Due to imaging noise and imperfect microscopy con-
ditions, not all cells were segmented in each time point. Each newly appearing
cell was assigned a unique label, and its area was tracked over several time
points until the cell or one of its daughter cells disappeared from the segmen-
tation. The area of a cell lineage was computed by summing up the daughter
cells’ areas. We also tracked each wall segment by considering the lineage of its
neighboring cells.

To estimate segmentation errors in the image processing, we indepen-
dently reanalyzed three time points of flower D (Supplemental Fig. S19) and
observed that cell areas varied by 20% between independent segmentations.
We therefore expected segmentation errors to be of a similar size, approxi-
mately 20%, for all data sets. We hence assumed that such errors would affect
an analysis of broader spatial growth trends unless a spatial averaging was
performed.
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Continuous Low-Order Displacement Fields

We used the tracking of cells and wall segments to define continuous low-
order displacement fields u(X, tj) between a reference time point tref and any
other time point tj. We considered the centers of each cell and wall segment
shared between the time points tj and tref as landmark points. We did not
consider dividing cells and walls because we had enough shared points
without them. We used the center of each wall segment as opposed to the
junctions between wall segments because segmentation errors were larger for
junctions.

Each landmark point i had a three-dimensional position Xi at time tref and
xij at time tj. We then identified the best-fitting low-order function u(X, tj) by
minimizing the sum of squared errors [xij – Xi – u(Xi, tj)]

2 over all landmark
points i. The reference time tref was the time point that contained the most
shared landmarks between the live-imaging series. Given u(X, tj), we esti-
mated spatially averaged displacements in the sepal as well as the defor-
mation of line elements and area elements (see Supplemental Text S1 for
details).

We fit each dimension of u(X, tj) separately with a robust linear regression
routine in MATLAB (LinearModel.fit; MathWorks) using an iteratively
reweighted least-squares method with a bisquare weighting function. We au-
tomatically selected the best-fitting model among linear, quadratic, and cubic
models using the Akaike information criterion corrected (AICc) for small
sample sizes, which penalizes for overfitting (Burnham and Anderson, 2002).

Growth Rates and Growth Curves

We denote the time evolution of the area of a cell or the length of a wall
segment as f(t), and define the GR(t) as the slope of f(t) [GR(t) = df(t)/dt] and the
RGR as RGR(t) = GR(t)/f(t). If f(t) is only known at discrete time points ti, we can
estimate an average RGR by computing RGRi = ln(fi+1/fi)/(ti+1 2 ti), where fi =
f(ti) (Figs. 3 and 4).

We reported the increase in areas Ai and lengths Li at time ti with respect to
the reference time tref as Ai/Aref and Li/Lref, respectively, as growth curves. To
compare growth curves, we defined statistics based on fitting an S curve (Fig.
8C). We used a shifted logistic function with four parameters (a, b, k, tm) de-
fined as

f ðtÞ ¼ a
1þ exp½kðtm 2 tÞ� þ b:

The function fitting was performed by minimizing the sum of squared errors
within a constrained optimization routine inMATLAB (fmincon) with {a,b,k}$ 0.
We repeated the optimization with an exponential [f(t) = a exp(k t)] and a
linear [f(t) = a t + b] function. Given the results of the optimizations, we com-
puted the AICc for each function (see Supplemental Text S1 for details). The
AICc considers the sum of squared errors as well as the number of parameters
of the fit and hence penalizes for overfitting. The functions were ranked
according to their AICc (AICi), with the best function being the one with the
minimal AICc (AICmin). The relative probabilities of each considered function
were then computed as exp[(AICmin –AICi)/2] and subsequently normalized to
define the probability of each function (Burnham and Anderson, 2002).

The parameters of the S curve f(t) can be interpreted as b being the lower
plateau of the curve, a+b being the upper plateau, k defining the steepness of the
curve, and tm being the time when the GR(t) is maximal (Fig. 8C). Given these
parameters, we can furthermore compute the time tx = tm 2 ln[(a+b)/b]/(2 k),
where the RGR(t) is maximal (see Supplemental Text S1 for details).

We expected our data to have unknown measurement and segmentation
errors, and we did not assume that the S curve was the perfect model for the
growth curves but merely an approximation. These three factors led to uncer-
tainties in the fitting parameters (a, b, k, tm). We used those uncertainties to
distinguish meaningful growth parameters. We furthermore propagated the
uncertainties to derived quantities such as f(t), GR(t), RGR(t), and tx. The un-
certainties were translated to standard deviations and reported either as error
bars or as 95% confidence intervals (see Supplemental Text S1 for details).
MATLAB code and data used for the analysis are in Supplemental Code S1.

Supplemental Data

The following supplemental materials are available.

Supplemental Figure S1. Cell lineage tracking in live images of growing
Arabidopsis sepals.

Supplemental Figure S2. Image-processing workflow.

Supplemental Figure S3. The RGR is noisy.

Supplemental Figure S4. A low-order displacement field smoothens
growth.

Supplemental Figure S5. Spatially averaged kinematics fit the real data
well.

Supplemental Figure S6. Uniform growth in space predicts cellular
growth.

Supplemental Figure S7. Tissue growth curves fit S shapes.

Supplemental Figure S8. Individual wall segment growth curves fit S
shapes.

Supplemental Figure S9. Individual cell lineage growth curves fit S
shapes.

Supplemental Figure S10. Cell size variability increases in time.

Supplemental Figure S11. GR and size are linearly correlated at times tm
and tx.

Supplemental Figure S12. Individual growth curves can be collapsed to
similar S curves.

Supplemental Figure S13. GR and size of wall segments are linearly cor-
related at times tm and tx.

Supplemental Figure S14. Individual growth curves of wall segments can
be collapsed to similar S curves.

Supplemental Figure S15. Tm of wall segments does not correlate with
wall orientation, time of last division, or length.

Supplemental Figure S16. Tm does not correlate with cell orientation, time
of last division, or area.

Supplemental Figure S17. We observe spatial trends for the RGR and the
time of maximum growth.

Supplemental Figure S18. Comparison of sepals.

Supplemental Figure S19. Estimation of segmentation error.

Supplemental Text S1. Supplemental materials and methods.

Supplemental Video S1. Cell lineage tracking for flower A (as in
Fig. 2A).

Supplemental Video S2. Cell lineage tracking for flower B (as in Fig. 2B).

Supplemental Video S3. RGR estimated from live-imaging data for flower
A (as in Fig. 3A).

Supplemental Video S4. RGR estimated from live-imaging data for flower
B (as in Fig. 3B).

Supplemental Video S5. RGR estimated from spatially averaged data for
flower A (as in Fig. 4A).

Supplemental Video S6. RGR estimated from spatially averaged data for
flower B (as in Fig. 4B).

Supplemental Video S7. RGR estimated after fitting an S curve to the
spatially averaged data for flower A (as in Fig. 15C).

Supplemental Video S8. RGR estimated after fitting an S curve to the
spatially averaged data for flower B (as in Fig. 15D).

Supplemental Code S1. MATLAB code and data used for the analysis in
this work.
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CONCLUDING REMARKS 

 

In The Chemical Basis of Morphogenesis (1952), Alan Turing theorized that a 

seemingly homogenous population of cells “may later develop a pattern or structure due 

to an instability of the homogeneous equilibrium, which is triggered by random 

disturbances.” However, because stochastic fluctuations that set patterning are often too 

small and transient to observe, only a few biological studies have indirectly implicated 

fluctuations as a means for patterning (Meyer and Roeder, 2014). In my first study, I use 

the Arabidopsis thaliana’s outermost floral organ, the sepal, to investigate how a 

developing tissue utilizes random fluctuations to influence cell fate decisions. During 

sepal development, primordial cells differentiate to create a scattered pattern of giant 

epidermal cells interspersed between small epidermal cells. It has been previously 

demonstrated that the transcription factor, ATML1, is required for the formation of giant 

cells (Roeder et al., 2012). However, in wild type plants, ATML1 is expressed in all 

epidermal cells, raising the question of how does ATML1 influence only certain cells to 

become giant? 

To assess how ATML1 only influences a small proportion of cells to become 

giant in the sepal, I engaged in an interdisciplinary collaboration with members of the 

Jönsson and Locke labs at the Sainsbury Laboratory, University of Cambridge, UK. 

Using live imaging, an integrated image analysis pipeline and computational modeling, 

we found that ATML1 influences giant cell formation in a dosage dependent manner, 

where the amount of ATML1 expressed determines the number of giant cells that form in 

the sepal. Furthermore, we discovered that ATML1 dynamically fluctuates in all 

developing sepal epidermal cells and only if ATML1 concentrations fluctuate above a 

threshold during the G2 stage of the cell cycle is a cell likely to become giant. 

Previous studies have implied that stochastic fluctuations must be dampened by a 

secondary regulatory mechanism, such as a feedback loop or morphogen gradient to 

create robust patterns (Meyer and Roeder, 2014). More recently, embryonic and neural 

stem cell studies have found that differential cell cycle progression may regulate cell fate 

decisions, where prior to specification a cell will lengthen the G1 phase of its cell cycle 

(Pauklin and Vallier, 2013; Roccio et al., 2013). Expanding on this molecular theory, I 
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propose that the cell cycle acts as a permissive window to buffer the number of giant cells 

that form in the sepal. In my live imaging data, I often observed that cells destined to be 

giant rest in 4C for a longer period of time than cells destined to be small. It would be 

interesting to test whether giant progenitor epidermal cells actively extend the amount of 

time they rest in the G2 to increase a cell’s probability of reaching high levels of ATML1 

or whether this observation is actually due to cells entering G1 of the proceeding 

endocycle.  

 During embryogenesis, ATML1 and its closely related paralog, PDF2, are needed 

to specify the epidermis (Abe et al., 2003; Lu et al., 1996; Ogawa et al., 2015; Sessions et 

al., 1999; Takada and Jürgens, 2007). Furthermore, ectopic ATML1 expression in the 

underlying mesophyll tissue reprograms cells to adopt different epidermal cell fates (i.e. 

stomata, trichomes and giant-like cells; Peterson et al., 2013; Takada et al., 2013). It is 

tempting to speculate that ATML1 is needed to specify multiple cell types during sepal 

development. While live imaging late stage flowers, I occasionally observed high 

concentration fluctuations of ATML1 during the G1 stage of the cell cycle in cells that 

eventually go onto become stomata. If proven to be true, this would suggest that cells are 

competent to respond to ATML1 fluctuations during other phases of the cell cycle in 

order to specify additional epidermal cell types. Moreover, this may suggest that there is 

an underlying regulatory mechanism that actively modulates when a cell can be 

competent to respond to ATML1 fluctuations. Interestingly, my live imaging data 

revealed that regardless if ATML1 was being overexpressed, giant cells always start to 

become specified around stage 6 of flower development.  Additionally, most cells that 

reach high ATML1 concentration fluctuations but go onto divide are often seen in very 

early stage flowers. These observations support the idea of a broader regulatory 

mechanism that actively regulates when a cell will become competent to respond to 

ATML1 fluctuations.  

In addition to molecular noise, plants cells exhibit considerable spatiotemporal 

variability in their individual growth rates during development (Meyer and Roeder, 

2014). Thus in my second study, I collaborated with computer scientist, Gerardo 

Tauriello, to examine how seemingly noisy cell growth leads to globally coordinated 

tissue growth (Tauriello et al., 2015). We used live imaging, image processing and 
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computational analyses to examine underlying growth trends in sepal epidermal cell 

lineages and tissue. We found that the sepal’s surface area, individual epidermal cell 

lineages and individual cell walls follow sigmoidal growth curves, suggesting that growth 

rates change predictably with time. Moreover, we found that although sepal cell lineages 

vary in size, the growth rates of each cell lineage remains relatively uniform to one 

another. Each cell lineage reaches the same relative maximum growth rate (growth rate 

divided by size) but at different times. 

Previous studies have demonstrated that plant cells undergo heterogeneous 

growth rates (Asl et al., 2011; Elsner et al., 2012; Kierzkowski et al., 2012; Uyttewaal et 

al., 2012). However, we have shown that although seemingly heterogeneous, cell lineages 

actually exhibit the same relative growth trends, just shifted in time. This allows us to put 

forth that variability in sepal cell growth is primarily due to the timing and the size of the 

cell lineage when the growth rate is at its maximum. 

Plant cells are not physically separated but are instead interconnected via small 

cytoplasmic channels called plasmodesmata. In addition, plant cells are sessile due to 

being permanently bound together by their cell walls, which means that cell 

morphological changes are primarily due to modifications in cell wall properties or turgor 

pressure.  Therefore, the results of my thesis work open new questions about whether 

cells experience some mechanical or signaling cues from the broader matrix to coordinate 

their growth during organogenesis. Previous studies have shown that plant organs with 

compromised cell division patterns undergo compensation to create a normal sized organ 

(Horiguchi and Tsukaya, 2011; Smith et al., 1996). Assessing whether cell lineages that 

undergo compensation still have the same maximum relative growth rate would provide 

further insight into whether plant cells experience underlying global coordination or 

whether they are independent units that work in unison to create a tissue.  

As stated in my first study, I observed that different cells spend different amounts 

of time in each stage of the cell cycle. Furthermore in my second study, I found that each 

cell reaches the same maximum relative growth rate but at different times. It is tempting 

to believe that asynchronies in the cell cycle may contribute to when each cell reaches its 

maximum relative growth rate and that individual cells must reach this growth rate at 

different times to properly form the sepal. Performing a cell cycle synchronization assay 
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on developing sepals would provide insight into whether a tissue can only properly form 

when all cell lineages reach the maximum relative growth rate at different times. If cells 

revert back to an asynchronous pattern it may indicate that there are underlying 

regulatory mechanisms present in the sepal during organ formation.   
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