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Control of spatio-temporal patterning via
cell growth in a multicellular synthetic gene
circuit

Marco Santorelli 1,10, Pranav S. Bhamidipati2,3,10, Josquin Courte1,10,
Benjamin Swedlund1, Naisargee Jain 1, Kyle Poon1, Dominik Schildknecht2,
Andriu Kavanagh1,4, Victoria A.MacKrell1, Trusha Sondkar1,MattiasMalaguti 5,9,
Giorgia Quadrato 1, Sally Lowell5, Matt Thomson 2,6,7 &
Leonardo Morsut 1,8

Amajor goal in synthetic development is to build gene regulatory circuits that
control patterning. In natural development, an interplay between mechanical
and chemical communication shapes the dynamics of multicellular gene reg-
ulatory circuits. For synthetic circuits, how non-genetic properties of the
growth environment impact circuit behavior remains poorly explored. Here,
we first describe an occurrence of mechano-chemical coupling in synthetic
Notch (synNotch) patterning circuits: high cell density decreases synNotch-
gated gene expression in different cellular systems in vitro.We then construct,
both in vitro and in silico, a synNotch-based signal propagation circuit whose
outcome can be regulated by cell density. Spatial and temporal patterning
outcomes of this circuit can be predicted and controlled viamodulation of cell
proliferation, initial cell density, and/or spatial distribution of cell density. Our
work demonstrates that synthetic patterning circuit outcome can be con-
trolled via cellular growth, providing a means for programming multicellular
circuit patterning outcomes.

During embryonic development, morphogenesis emerges through the
interplay between chemical and mechanical processes that occur
simultaneously to generate the architecture of the embryo1. At least in
part, this is due to the tremendous growth and cell proliferation that
occurs to bring a single cell to generate a multicellular organism. For
example, in the zebrafish model, the embryo goes from 256 cell stage
to around 22,000 in around 14 h, during which the body plan pat-
terning and morphogenesis is established2. It has been shown that,

during natural development chemical and mechanical processes can
proceed in sequence, with patterning providing a template for
mechanical regulation3–6. The information can flow in the other
direction too, whereby mechanical inputs like substrate stiffness or
cell shape can affect signaling and patterning7–11. Finally, the two
aspects (mechanics and chemical) can be intertwined in so-called
mechano-chemical systems; thesemechano-chemical systems seem to
abound in developmental transitions12–22. Despite emerging examples,
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many principles remain obscure regarding how information flows
between mechanical processes and chemical circuits in general, and
how this contributes to expand, constrain, or regulate patterning and
morphogenetic outcomes. This lack is due at least in part to the
complexity of the embryo which presents inherent challenges to
studying and controlling developmental transitions in general, and
oneswheremechanical properties and gene circuit signaling dynamics
are intertwined in particular.

One particular effector of mechanical input into signaling, pat-
terning and morphogenesis is cell density and its origin through cell
growth and proliferation. Since at least the publication of D’arcy’s “On
Growth and Form”1, cell growth and proliferation have been recog-
nized as playing an important role in shaping multicellular morpho-
genesis. More recently, cell proliferation is starting to be implicated as
an input for patterning: as a recent example in vivo, a mechanically
induced organizing center was seen to be induced via proliferation-
driven compression in the development of rodent incisors23. When
cultivating cells in vitro, it is well known that cell density significantly
impacts growth and differentiation of cells, somuch that cell density is
a parameter that needs to be extensively optimized both for cell line
maintenance and directed differentiation protocols24–43.

A major emerging theme in the field of synthetic development is
the development of gene circuits that enable controlled morphogen-
esis of patterned tissues19,44–52; building self-organized systems
through biological circuits could become the basis for a new approach
to the engineering of resilient, self-healing and self-forming structures
of multiple scales. Highly simplified engineered systems have been
generated in this fashion that provide controlled and defined experi-
mental systems in which to analyze gene circuits within the context of
a multicellular structure53–60. Comparatively less is known whether or
how density impacts synthetic gene circuits and synthetic signaling
pathways, and so whether density can be manipulated to control sig-
naling mediated patterning outcomes is not currently known. Engi-
neered systems provide an ideal setting to study mechano-chemical
coupling where signaling andmechanical phenomena can be isolated,
measured and modulated. Additionally, introducing mechanical-
chemical coupling in synthetic gene circuits could uncover novel
strategies for engineering multicellular systems to achieve patterning
and morphogenesis goals.

Synthetic circuits based onNotch signaling, or so-called synNotch
circuits, have emerged as a modular and flexible strategy for engi-
neering multicellular mammalian systems53–55. The synNotch system
uses engineered receptors modeled after the endogenous develop-
mental signaling pathway Notch/Delta. This endogenous pathway is
contact-dependent and is used extensively during development to
generate cell-scale patterns61–63. In the synthetic version, synNotch,
both the input and output of the pathway have been rendered user-
definable and, as such, are orthogonal to the endogenous Notch
pathway. Using this system, developmental circuits have been engi-
neered in 2D culture as well as in 3D fibroblast aggregates where a
synthetic signal affects multicellular signaling and mechanics by driv-
ing expression of key adhesion proteins53–55. In these synNotch circuits
though, information flows from engineered signaling proteins to
downstream effects, for example on mechanical properties of the cell
through changes in cell-cell adhesion. To achieve a complete synthetic
mechano-chemical system with reciprocal information flow between
both modalities, mechanical inputs to signaling must also be char-
acterized. Insights that synNotchcouldbe agoodcandidate todevelop
such a system are emerging. First, although the specific mechanisms
may differ based on the cellular context and the endogenous or syn-
thetic nature of the receptors (e.g., ref. 64), the proposed general
mechanism of activation for Notch and synNotch signaling involve a
mechanical “pulling force” that exposes the protease cleavage site for
further signal transduction64–69. Second, cellular mechanical tension,
shear stress, ECM stiffness, and cell density have been shown to play a

role in Notch signaling in certain contexts70–76. Third, synNotch has
been engineered to respond to different degrees of pulling force77.
Whether these inputs can be used to create a systemwheremechanics
or cell proliferation affects not only signaling, but also patterning
outcomes has not been explored.

Mathematical models have been an important tool for under-
standing morphogenesis in natural systems78–80 and thus provide a
potential strategy for the design and analysis of synthetic systems that
incorporate mechanical-chemical coupling. Cell-based models of
Notch-mediated signaling81 have uncovered key insights into the self-
organization of regular spatial patterns82, the regulation of cell fate
bifurcation by receptor-ligand interactions and cell geometry63,83,84,
and the important roles of ligand expression levels and competition in
robust patterning61,83,85. This tool has also been used to catalyze the
discovery and design of novel circuits for morphogenesis86,87. Such
models have been used to study natural cases of mechano-chemical
coupling84,88–90 but have not yet been applied to synthetic cell systems.

Here, we first identify cell density as a non-genetic parameter of
cell culture that affects synNotch signaling, through a screening of
mechanical inputs in a murine fibroblast cell line (L929) and in mouse
embryonic stem cells (mES). Cell density above a critical threshold
robustly dampens synNotch signaling, not only in 2D, but also in 3D
and with multiple synNotch receptor/ligand pairs. This is due, at least
in part, to a transcriptional repression at high density, which particu-
larly affects membrane-bound signaling partners (ligands and recep-
tors). We then build, both in vitro and in silico, a synNotch-based
patterning circuit to study the effects of cell density on patterning
outcomes. We construct a spatial-propagation multicellular synNotch
circuit, which contains a local relay circuit with a sender (signal-origi-
nating) cell type and a transceiver (signal-propagating) cell type that
both receives and propagates a fluorescent signal. With this simple
genetic circuit, we show that cell density and proliferation can affect
patterning outcomes, such that the samegenetically identical cells can
generate spatial and temporally distinct patterns depending on how
cell density is regulated in time and/or in space. We finally discuss how
our work could provide insight in mechano-chemical patterning cir-
cuits, and how cell density can be used as a control point for pro-
gramming multicellular circuit patterning outcomes.

Results
Cell density impacts SynNotch signal transduction
With the goal of integrating mechano-chemical control in synNotch-
basedmulticellular synthetic gene circuits, we first decided to evaluate
the impact of non-genetic factors such as tissue mechanics and cell
density on synNotch signal transduction. To quantify the impact of
individual perturbations to the physical environment on synNotch
signaling, we employed a previously reported in vitro assay for syn-
Notch activation based on a sender-receiver cell signaling paradigm in
themousefibroblast cell line L929 (Figs. 1A, B and S1). Briefly, two L929
mousefibroblast cell lines, a sender cell line and a receiver cell line, are
engineered such that signaling between a sender cell and receiver cell
can be assessed by the presence of a red fluorescent reporter in
receiver cells. Sender cells constitutively express membrane-bound
green fluorescent protein (GFP), which acts as the ligand for an anti-
GFP synNotch receptor on receiver cells (anti-GFP synNotch, Fig. 1A).
The intracellular portion of the anti-GFP synNotch receptor contains a
tetracycline-controlled transactivator (tTA) which is freed from the
membrane upon contact-dependent activation and translocates to the
nucleus where it activates expression of cytosolic mCherry. To assay
synNotch activity, sender and receiver fibroblasts are co-cultured in a
1:1 ratio for 24 h, bywhich timemCherryfluorescence in alive activated
receiver cells can be assayed via a fluorescence activated cell sorter
(FACS) machine (see Fig. S1 for FACS gating scheme).

In this experimental setup, we varied extracellular matrix (ECM)
composition, substrate stiffness, cytoskeletal tension, and cell density,
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then evaluated via FACS their impact on synNotch activation of the
reporter gene mCherry. Cells grown on different substrates or at
varying stiffnesses exhibited similar mCherry activation as the refer-
ence condition (Figs. 1C and S2A). Cytoskeletal tension modulation,
modulated by the addition of three drugs known to affect cytoskeletal
contractility and actin polymerization (Y-27632 (ROCK-inhibitor)91,
blebbistatin92, and latrunculin-A93,94), affected cellular morphology
(Fig. S2B, C), but did not affect signaling activity in the presence of
sender cells (Fig. 1D and Supplementary Fig. S2D). The absence of a
difference of signaling with these treatments was confirmed with a
statistical test (Fig. 1I).

In contrast, when cells were grown across a range of cell densities
from 0.008x − 8x confluency (1x = 1250 cells/mm2), signal outcome
followed a bell-shaped curve going from lower to medium to higher
densities. Densities outside a central optimal window between 0.125X
and 2X exhibited significant and reproducible signal inhibition in
receivers (Fig. 1E, F and Supplementary Fig. 3). Signaling was sig-
nificantly compromised above the critical threshold density of 4x
(Fig. 1J). Although not significant, signaling was reduced at lower
densities, presumably because of less frequent cell-cell contacts.
Importantly, we exclude that at high densities the cells are not sig-
naling because they are dead, since in our gating structure we only
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evaluate signaling from the non-dead cells (see Fig. S1). Cells at high
densities do seem to become “stressed” (see more below, in the
“Mechanistic insights” section). We then tested if the reduction of
synNotch signaling at high density is restricted to a GFP/anti-GFP
synNotch pathway or extends to other pairs of ligand-receptor. To do
so, we co-cultured an alternative pair of L929 Senders and Receivers
which express mCherry-ligand (a fusion of mCherry with a PDGFR
transmembrane domain) as the ligand and anti-mCherry/GAL4-VP64
synNotch55 as the receptor that induces the expression of tagBFP in
activated receiver cells. We found that a similar bell-shaped curve of
synNotch activation is obtained in this system; we noted a shift in the
optimal culture density, which ranges from 0.5x to 4x in this system
(Supplementary Fig. S3C), meaning that although qualitatively the
phenomenon is replicated, the exact quantitative impact of cell den-
sity on synNotch activation may be different for different pairs and/or
ligand-receptor affinities.

We then asked if density-dependency of synNotch signaling is a
feature of the specific cell line, or a phenomenon that would apply to
other cellular contexts; to do so, we tested cell density effects on
synNotch signaling in mouse embryonic stem cells. We co-cultured
mouse embryonic stem cells (mESCs) Senders and Receivers expres-
sing the ligand-receptor system of GFP-lig (PDGFR-GFP) and anti-GFP
synNotch95. synNotch signaling in mESCs is similarly affected by initial
seeding density, with a bell-shaped curve of activation of alive receiver
cells at increasing cell densities; the optimal signaling occurs here in a
central window between 0.064x and 1x (where 1x is 6000 c/mm2; see
Fig. 1G, H and Supplementary Figs. S3D and S4). Alive receiver cells
coming fromdensities below0.008x and above 4x showed statistically
significant compromised signaling (Fig. 1K).

Based on the density-dependent changes in synNotch signaling in
2D cultures, we wondered if similar effects would arise in 3D cultures.
To test this, we seeded L929 Senders:Receivers 3D spheroids of dif-
ferent sizes, and found that, similar to the 2D setting, increasing cell
numbers (hence potentially cellular crowding) dampens synNotch
signaling in 3D systems, with a critical threshold of around 8000 cells,
which corresponds to approximately 700,000c/mm3 (Supplementary
Fig. S5A–D). Interestingly, when we repeated the same experiment in
3D structures that are elongated and not spherical, activation seems to
be restricted in localized domains at the tip of the structures (Sup-
plementary Fig. S5E).

In sum, these results expose a previously unreported effect of cell
density on synNotch signaling, such that signaling is supported in a
system-specific cell density window.

Mechanistic insights on the sensitivity of synNotch signaling to
density
After discovering that synNotch signaling was decreased at high cell
culture densities, we sought to understand how different factors were
contributing to this phenomenon.

We first asked if the nature of the mechanism is through a
secreted molecule in the media, by performing conditioned-media
experiments: media conditioned by L929 cells cultured at high den-
sities applied on an L929 Senders:Receivers co-culture did not reca-
pitulate the impact of high culture densities on signaling, making a
soluble-molecule mediated mechanism less likely (Supplementary
Fig. S6A).We then asked if themechanismwas through a classical YAP-
mediated mechanotransduction11, by visualizing YAP nuclear localiza-
tion at different densities; Supplementary Fig. S6B shows that YAP
localization is mainly cytoplasmic both at the 1x density and at the 4x
density used here in L929 cells, making it less likely that synNotch
inhibition at high cellular densities is due to a YAP-dependent
mechanism.

It has been suggested that cellular crowding causes reduced
proliferation, cell movement and an overall reduction in transcription,
a phenomenon sometimes referred to as “contact-inhibition”96. To test
if this was at play in our system, we measured total RNA content per
cell at different densities 24 h after seeding.We found that total mRNA
levels decreased substantially at higher seeding densities in L929 cul-
tures (Fig. 2A). We confirmed this phenomenon by showing that, at
high densities, the induction of reporter gene expression from the
dox-inducible tTA-VP64 transcription factor is strongly reduced
(Supplementary Fig. S6C). Additionally, L929 cell motility was
decreased at higher densities (Supplementary Fig. S6D), andboth L929
and mESCs have reduced cell sizes at high densities (Supplementary
Fig. S6E, F). We also measured cell death percentage in the cultures at
high densities and found that: L929 cells display a low baseline cell
death that increases to around 10% at 8X densities (equal to 10,000 c/
mm2, Fig. S6G); mES cells display a basal cell death percentage of
around 10–20% at low confluency, which increases with increasing
confluence up to 80% at 16X (equal to 96,000 c/mm2, Fig. S6H), again
indicating a progressive increase in cell stress at higher confluency.
(We remind here that for the synNotch signaling experiments of Fig. 1,
we only measure synNotch reporter induction in non-dead cells, both
for L929 and mES cells). These data suggest that cells at the high
densities used here are in a general state of reduced activity.

We then asked whether high cell density specifically affects syn-
Notch signaling components. To address this question, we evaluated
expression levels of synNotch ligand GFP and anti-GFP synNotch
receptors via FACS; we found that both in L929 (Figs. 2B, C and S8) and
mES cells (Figs. S7A, B and S8), synNotch ligand GFP and anti-GFP
receptor protein abundance decreased after 24h of culture at high
densities, whereas cytoplasmic GFP protein expression was not affec-
ted. We confirmed that other overexpressed cytoplasmic or nuclear
proteins, both in L929 and mESCs, are not affected by 24 h culture at
high cell densities (Supplementary Figs. S7C–E and S8).

For some signaling receptors, receptor-ligand complexes clus-
tering is relevant for signaling. We set out to assess if ligands of the
synNotch family are affected in their abundance and/or localization by

Fig. 1 | Screening ofmechanical perturbations reveals cell density-dependence
of synNotch receptor activation. A Schematic of Sender-Receiver synNotch sig-
naling. Membrane-bound GFP-ligand in Senders binds synNotch in Receivers
cleaving synNotch, freeing the intracellulardomain (tTA-VP64) to translocate to the
nucleus and activate mCherry reporter. B Schematic of synNotch signaling assay.
Senders and Receivers are co-cultured at a 1:1 ratio and mCherry activation in
receivers is measured at 24h. C–E Violin plots depict the distributions of mCherry
fluorescence (log10 scale)measured via FACS in L929 Receiver cells (n = 4660–6733
cells) cultured in the indicated conditions for 24 h, seeded at an overall density of
“1x” (1250 cells/mm2, counting Senders and Receivers), except where indicated
otherwise. In (C), SynNotch signaling assay is performed with cells on different
growth substrate materials and stiffnesses, in (D) with chemical modulators of
cytoskeletal tension, in (E) with different initial cell densities at the same Sen-
ders:Receivers ratio 1:1. mCherry signal is specifically measured in Receiver cells
(Fig. S1 shows gating scheme). Gray violin plots are reference samples for OFF and

ON Receiver states. Black dots indicate medians. Dashed gray lines indicate the
separation between ON and OFF populations. * indicates the sample is more likely
OFF thanON, asdeterminedby the log-likelihood ratio (LLR). Representative bright
field and fluorescent micrographs of L929 (F) and mES (H) sender/receiver co-
culture after 24h of culture at the indicated densities. GFP-lig is expressed in sen-
ders, tagBFP in the receivers. Scale bars 500 µm. G Violin plots of mCherry fluor-
escence in mESCs Receivers after 24 h of coculture with mESCs Senders at the
indicated densities, 1x is 6000 c/mm2. Dashed gray lines and * as in (E). I–K Plots of
the LLR calculated for each sample. The circle represents the LLR of the measured
data and the error bars denote 95% CI with n = 1e6, calculated by bootstrapping.
Points above zero indicate the sample resembles the ON state more than the OFF
state. Error bars represent 95% confidence intervals (see “Methods”). All experi-
ments were repeated at least 3 times with similar results. Source data are provided
as Source Data file.
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the presence of their cognate receptors and at different densities. We
first assessed the levels of GFP-ligand in presence of receiver cells at
different densities (Fig. S9A), and we confirmed that GFP-ligands in
sender cells decrease at the increase of cell density. We noted that the
decrease of the levels of GFP ligand seem to be more pronounced
when the sender cells are cultivated with receiver cells; this prompted

us to assess the microscope localization of GFP ligand in presence or
absence of neighbor cells with an anti-GFP synNotch receptor. To do
so, we cultivated a mixed culture of sender cells and parental cells on
one case, and amixture of sender cellswith receiver cells on a different
well; in both cases we evaluated GFP localization via confocal micro-
scopy. As shown in Fig. S9B, C, localization of GFP ligand changes
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dramatically in conditions where senders have parental neighbors,
where GFP localization is diffuse, to strongly punctuated localization
when senders are cultivated alongside receiver cells. We repeated a
similar setup where we evaluate synNotch receptor localization, and
observed a similar, although less dramatic, differences (Fig. S9E).
Finally, the area of these receptor-induced punctaeof ligands decrease
with increasing cell density (Fig. S9D), suggesting that these punctae
could be active signaling components that become limited at high
density.

The results so far suggests that GFP ligands and synNotch
receptorsmay be specifically reduced at high density. Given that these
are both membrane proteins, and that membrane proteins may pre-
sent lower stability97, wemeasured the half-life of synNotch ligand GFP
and compared it to a simple cytoplasmic GFP: we discovered that
synNotch ligand GFP half-life is indeed shorter compared to cyto-
plasmic GFP, being estimated at respectively 19 h (membrane GFP) vs.
28 h (cytoplasmic GFP) in L929, and 7.5 h vs. 16.5 h in mESCs
(Fig. 2D, E).

We then asked if, from a quantitative standpoint, the observed
reduction in GFP-ligand levels at high density could participate in the
reduction of the signaling output at high densities. To address this
question, we constructed L929 sender cell lines expressing GFP at
different levels via FACS sorting; with these, we stimulated receiver
cells, and showed that indeed the activation of receivers is dampened
in proportion to the reduction of the expression of ligand on sender
cells (Fig. S10A–C). As synNotch activation by its ligand depends on
ligand levels as well as synNotch expression levels53 their reduced
levels may contribute to decreasing signaling strength at high density.

Taken together, these results suggest that high cell culture den-
sities induce a global cell stress state that include transcriptional
slowdown, reduced motility and cell rounding; this results in a
decrease in the expression of membrane proteins with shorter half-
lives. These factors contribute to explain the reduction of synNotch
signaling at high densities. Does this phenomenon give us a way to
control patterning outcomes via controlling cell proliferation or cell
density?

Signal propagation circuit exhibits density-dependency pat-
terning outcome
We next sought to investigate the impact of density-dependent signal
attenuation on the behavior of a multicellular synNotch patterning
circuit. We focused on the “lateral propagation” circuit, a paradigmatic
exampleof emergent patterningwherein a signal is relayed fromcell to
cell via contact-dependent signaling between neighboring cells62. This
system has not been used for synthetic patterning, though it has been
engineered before in a semi-synthetic manner56. The circuit relies on
“Transceiver” cells that can both receive and send a cell-surface signal
(membrane-bound PDGFR-GFP, “GFPlig”) (Fig. 3A, B). When in contact

with a ligand, transceivers become activated and can propagate the
signal to neighboring transceivers, triggering a propagating wave of
signaling by relay.

We implemented this circuit in vitro in a mouse L929 fibroblast
cell line. Transceiver cells were generated that express an anti-GFP
receptor activating transcription of the GFP ligand. To do so, three
transgenes were stably integrated (Fig. 2B): one constitutively
expresses a synNotch receptor with an anti-GFP nanobody as the
extracellular domain and the transcription factor tetracycline trans-
activator (tTA) as the intracellular domain. A second expresses mem-
brane bound GFP (synNotch cognate ligand) under control of the
tetracycline responsive element (TRE) promoter. A third expresses
cytosolic mCherry driven by TRE as a reporter of synNotch activation
and constitutively expresses the blue fluorescent protein tagBFP to
mark transceivers. We generated several clones of L929 cells where
these transgenes were all integrated into the genome. Transceiver
clone function was evaluated by co-culturing with sparse sender cells
and performing high-magnification time-lapse imaging centered on
individual sender cell foci, and imaging andmeasuring the area of GFP
fluorescence using a semi-automated image analysis workflow (see
section “Image analysis” in the “Methods”).

Once this assay was set up, we tested the signal propagation
outcome at different densities. At a cell density of 1250 cells/mm2

(100% confluent, or “1x”), a propagating wave of transceiver signaling
travels outward through the cell monolayer (Fig. 3C and Supplemen-
tary Videos 1–3). The mean velocity of propagation was
Δrprop=Δt =0:131 ±0:009 mm/day. When we plated the same cells at
higher density of 2x and 4x, this velocity was reduced to 0:085±0:014
mm/day and 0:026±0:011 mm/day respectively (Fig. 3D). Similar
trends were observed for all clones generated (Fig. S11). Thus, this
synthetic lateral propagation circuit can generate signaling waves
whose velocity is responsive to seeding cell density.

These results show that the signaling dynamics of the signal-
propagation synNotch circuit can be modulated via cell density. They
further suggest that cell density could be used as a mechano-chemical
control mechanism to dynamically pattern synthetic tissues without
requiring the engineering of additional biochemical circuit
components.

To explore the space of patterns that could arise when initial cell
density and proliferation rate are modulated, we decided to develop a
computational model of the multicellular synNotch signaling with
density-dependent attenuation, and to use it to study the impact of
density-dependent signal transduction on signal propagation in a
multicellular sheet.

First, we constructed a computational model of synNotch sig-
naling with parametrized density-dependent attenuation (see “Meth-
ods”, Fig. 3E and Supplementary Fig. S12). To do so, we initialized a
50× 50 hexagonal lattice of transceiver cells with a single sender cell.

Fig. 2 | High cell density represses global mRNA production and reduces the
expression level of membrane-associated synNotch signaling proteins which
have short half-lives. A Average of total RNA amount per L929 cell after 24h of
culture at the indicated densities as measured by spectrophotometer (Nanodrop).
Lighter dots indicate individual experiment medians, darker dots the average of
those. n = 3 experiments. B Fluorescence intensity levels read via FACS of different
proteins at increasing cell density. L929 fibroblasts were analyzed by FACS 24h
after seeding at the indicateddensities (1 x is 1250 cells/mm2). parental: unmodified
L929; receivers: anti-GFP synNotch driving mCherry cells; sender: L929 cells
expressing GFP-lig (PDGFR-GFP) on their surface; cytoplasmic GFP cells: L929 cells
engineered to overexpress cytoplasmic GFP. SynNotch levels are measured via
immunofluorescence with an antibody that recognizes a small peptide tag at the
N-terminus of the synNotch protein (anti-myc-tag). 4000 or more cells per dis-
tribution are displayed, black dots indicate the medians of each distribution.
Fluorescence levelswerenormalized as fold changes from thenegative control, and
plotted with a log10 scale. Lighter dots: individual experiment medians; darker and

larger dots: average of those. n = 3 experiments. C Representative micrograph
pictures of brightfield andgreenfluorescence of L929 cells expressingGFP-lig, 24 h
after being seededat the indicated densities. 1x is 1250cells/mm2. Scale bar 500 µm.
See Supplementary Fig. S7 for results of similar experiments in mES cells. D, E De-
gradationkineticsof cytoplasmicGFP versusmembrane-boundGFP-lig (see section
“Measure of GFP and PDGFR-GFP half-life” in the “Methods”). L929 (D) and mES
cells (E) are engineered to express cytoplasmic or membrane-bound GFP in a dox-
controllable manner. The graphs report expression values for GFP over time
measured via FACS after its expression is repressed via the small molecule Dox-
ycycline at day 0. Normalized experimental means ± s.e.m. are reported. n = 3
experiments. Dark green: GFP levels; Light green: GFP-lig. Black horizontal dotted
line: half maximum fluorescence. Colored vertical dotted lines were traced to infer
proteins’ half-lives. Vertical error bars: s.e.m. Solid lines are normalized averages of
3 medians from 3 individual experiments. All experiments were repeated at least 3
times with similar results. Source data are provided as Source Data file.
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At time t =0 the sender cell begins expressing the signal and chemical
reaction equations are integrated forward in time (see section “Math-
ematicalmodeling” in the “Methods”; Eq. (2) and Supplementary Text).
Changes in cell density are modeled by changing the size of all cells
equally. At a higher density, for example, cell size is reduced to occupy
less area while preserving the hexagonal lattice (Fig. S12C, inset ima-
ges). The density-dependence of signaling is modeled by multiplying
the amountof ligand involved in signalingby a coefficient that encodes
the efficiency of signaling. This coefficient decays exponentially as cell
density increases above 1x density (Fig. S12C, blue curve) or decreases
below 1x and was parameterized by comparison with the propagation
data in Fig. 3.

With this in silicomodel of density-dependent, signal-propagation
circuit, we sought to simulate propagation on a monolayer lattice at
different densities. We perform the simulation of the signal propaga-
tion patterning circuit at cell densities of 1x, 2x, and 4x confluence. In
the simulations, a wave of activation begins propagating outwards at a

speed that depends on density (Fig. 3F and Supplementary Video 4).
Propagation area begins to increase after a time delay τ =0:3 and then
continually rises, with a wave velocity of 0:103mm=τ, 0:055mm=τ, and
0:009mm=τ at 1x, 2x and 4x densities, respectively, recapitulating the
slower speed of Transceiver propagation at higher cell densities
(Fig. 3G andSupplementaryMovie 4). Simulation time is shown inunits
of “tau” to provide an intuitive scale for dimensionless time. Figure 3H
shows the quantitative dependence of propagation speed on density
for experimental and simulated circuits together. These results
showed that the computationalmodel can recapitulate the phenotypic
patterning behavior of the in vitro counterpart.

Signal propagation reaches limiting regimes due to cell
population growth
Given that cell density changes over time as cells proliferate in cell
culture, we wondered if the patterns of gene expression generated by
the multicellular signal propagation system would display non-linear
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constitutively express a tagBFP marker. C Signal propagation over time. Micro-
graph images of propagation assays in vitro centered around a representative
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(1x is 1250 cells/mm2). Bright field (grayscale) is overlaidwithGFP signal (green) and
nuclear infrared fluorescent marker expressed in sender cells (purple). Scale bar
100μm. See Supplementary Movies 1–3 for time-lapses. D Graph of propagation
radius rprop over time for three cell densities (n = 5 foci). E–G A computational

model of Transceiver signaling. E Schematic of the model. A sender cell (left)
presents GFP ligand s (green ellipsoid and triangles) to a Transceiver cell (center,
“i”). Ligand from cell i’s neighbors (“j”) activates SynNotch receptors (blue). Acti-
vated SynNotch stimulates production of ligand and a reporter r (red ellipsoid)
after a time delay τ. The production rate depends on cell density. The ligand s also
inhibits its production (“cis-inhibition”). Ø indicates degradation. F In silico simu-
lation of transceiver signaling, where green is GFP ligand, purple is a sender cell at
the indicated times and cell densities of 1x, 2x, and 4x (without cell growth). Scale
bar 125 μm. See Supplementary Movie 4 for time-lapse. G Propagation velocity
(rprop) in silico for densities of 1x, 2x, and 4x. H Strip plot of propagation velocity
in vitro (black dots; horizontal line indicatesmean) and in silico (blue diamonds) at
indicated cell densities. n = 5 foci. **p <0.01 (p = 7.937e−03 for all pairwise com-
parisons), two-sidedMann–Whitney–Wilcoxon test. All experiments were repeated
at least 3 times with similar results. Source data are provided as a Source Data file.
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dynamical behavior as a function of cell proliferation and initial cell
density. Figure 4A shows an example of a 7-day time course in which
transceivers were co-cultured with senders at a plating density of 1250
cells/mm2 (1x). As shown in theGFP channel images, transceivers begin
propagating signal by Day 1 of growth, and the signaling wave propa-
gates outwards over the first 3 days. By Day 4–5, however, propagation
speed and overall signal intensity start to decline, and by Day 7 GFP
expression is almost fully suppressed. This resulted in self-limiting
propagation with a characteristic diameter of 0.5mm (see also Sup-
plementary Movies 5 and 6 for time-lapse movies). This suggests that
the transceiver cells, over time, cross the cell density regimewhere the
signaling becomes inhibited. Notably, transceivers that express and
then down-regulate GFP signal continue to express the mCherry
reporter at Day 7 (mCherry channel), suggesting slower degradation
kinetics of cytoplasmic mCherry compared to membrane GFP.
Importantly, cells re-plated at 1x density after a 7-day time course are
still capable of propagation after re-plating, suggesting that signaling
down-regulation is a reversible phenomenon (Fig. S13).

Given the negative correlation between cell density and signaling,
we hypothesized that the decrease inGFP signaling at later times is due
to an increase in cell density secondary to cell proliferation. To test this
hypothesis, we counted cell numbers over the time course in culture.

The resulting growth curve is sigmoidal, plateauing by 4–5 days.
Importantly, the drop in GFP expression around day 4–5 (Fig. 4A, C)
coincides with the culture growing to a density of ≥5000 cells/mm2

(4x), which was found to be inhibitory to sender-receiver signaling
(Fig. 1E).With this in vitro dataset, wewere also able to parametrize the
computational system with the in vitro cell proliferation rate by fitting
the cell number dynamics into the logistic equation (see sections
“Statistical analysis”, “Mathematical modeling” in the “Methods” and
Fig. S14 for detailed parameter estimation procedure and results).
When added to the computational model, cell proliferation led to an
inhibition of signaling by day 3–4 (Fig. 4D, blue curve), similar to the
in vitro data. Additionally, whenmCherry is given a 10x longer half-life
than GFP in simulation, mCherry levels remain elevated for the entire
time-course (Fig. 4D and Supplementary Movie 7).
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Source Data file.
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Thus, density-induced attenuation of signaling is a plausible
explanation of the observed signaling shutdown during long-term
culture.

Overall, we showusing in vitroexperimentationandmathematical
modeling that signal propagation through a proliferating transceiver
population can have a transient, self-limiting nature consistent with a
density-induced attenuation of synNotch activity. In other words, cell
proliferation can shut off signaling in previously activated transceivers
if the culture achieves cell densities that are not conducive to cell-cell
signaling.

In silico exploration of growth parameters reveals distinct
phases of activation explained by a critical density
Having demonstrated the accuracy of the computational model in
reproducing patterning outcomes in presence of cell proliferation, we
could, then, apply the model to explore the generative possibilities of
the signal-propagation circuit for a wide range of initial cell density
conditions and cell proliferation rates.

In order to define the space of achievable qualitative and quanti-
tative phenotypes for the density-modulated transceiver signaling

circuit, we simulated circuit behavior for different values of the initial
density and proliferation rate and generated a phase diagram of sig-
naling phenotypes (Fig. 5A, B). For eachparameter combination, a 50X
50 lattice of transceiver cells and one Sender were simulated for
8.0 days.Weobserve signaling behavior that falls into three categories,
or phases, which lead to activation regions of different quantitative
sizes: above a critical threshold of initial density, ρc

high =3:3 Trans-
ceivers are “attenuated” and do not activate. Transceivers that are
initially below this threshold will activate and may either become
inhibiteddue to population growth (activation area is “limited”) or stay
activated until the end of simulation time (“unlimited”)
(Figs. 5C and S15). The boundary between the latter two phases is
determined by the time at which the population density crosses ρc

high

(Fig. 5D, E), plus the time it takes for fluorescence to fully decay. Thus,
our model predicts that Transceiver activation and the size of indivi-
dual activation spots can be controlled by manipulating the para-
meters of cell proliferation.

In sum, with the computational exploration we identified three
dynamical behaviors in silico that can emerge in cells harboring the
same genetic circuit, and these behaviors can be accessed by
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manipulating parameters linked to cell density, such as intrinsic pro-
liferation rate and initial cell density.

Growth rate-modulating drugs push transceivers into different
phase regimes
We wanted now to see if, in the in vitro system, we could control
patterning outcomes by controlling cell proliferation and initial cell
densities to access the different phenotypes observed in silico.
According to the computationalmodel, decreasing the intrinsic rate of
proliferation (g) should greatly extend the amount of time spent at
densities permissive to signaling and therefore shift our system from a
regime of self-limited propagation into a regime where propagation is
virtuallyunlimited (from the light blue region to thedarkblue region in
the Fig. 5A phase diagram). Conversely, increasing the proliferation
rate within the self-limited region should decrease the radius of pro-
pagation (light blue region in Fig. 5B). Finally, increasing the initial
plating density of the culture greater than 1250 cells/mm2 (1x) should
reduce the size of propagation foci.

To test whethermodulating proliferation and seeding cell density
produces different activation phenotypes in vitro, we performed
propagation experiments in conditions that perturb cell proliferation,
namely small molecule inhibitors of proliferation (Y-2763298, a small
molecule ROCK inhibitor (RI) that limits proliferation99–101, or mito-
mycin C, an alkylating agent that suppresses cell proliferation), or
growth factors to increase proliferation (FGF2 Refs. 102–104 and
growth factors in the FBS increasing FBS concentration in the culture
medium). We first calculated the effect of these treatments on the
proliferation rate of transceiver cells (Fig. 6A and Supplementary
Fig. S16A).Whenweplaced those values in the phase diagramobtained
computationally (Fig. S17), the signaling regime is predicted to go into
new sections of the phase diagram (Fig. 6B).

To test thesepredictions, we devised a “wholewell” assay of signal
propagation. Figure 6C shows a schematic of this assay in which sen-
ders (purple) and transceivers (brown) are initially plated in a 1:100
ratio (top left diagram). Each sender (inset diagram, bottom) locally
triggers a wave of GFP signaling (green), and in permissive conditions,
these foci expand and fuse over time to occupy a significant percen-
tage of the surface area of the culture well (top right diagram). This
assay allows us to quantify transceiver propagation in cases where
isolation of individual propagation foci is challenging, such as when
propagation is so efficient that adjacent foci in the well rapidly fuse.

To test the outcome of signal propagation upon changes in cell
proliferation (moving on the X axis of the phase diagram), we run the
whole well signal-propagation assay in presence of the proliferation-
modulating treatments (Figs. 6D, E and S16B, C). In the absenceof drug
treatment, transceivers initially produce GFP ligand and subsequently
shut off expression by day 6–7 (first row, “untreated”), as in the single-
foci experiments (Fig. 4A). In conditions where cell proliferation is
increased, activation is limited in the first days and is followed by rapid
GFP signal depletion (e.g., FGF2 row in Fig. 6D). Conversely, in condi-
tions that reduce proliferation rates, GFP ligand propagation proceeds
virtually indefinitely and fills the entire culture well (e.g., ROCK-
inhibitor row in Fig. 6D). The same trends are observed in the com-
putational simulations carried out with the parametrized proliferation
values (Fig. 6F).

Alternatively, the Y-axis of the phase diagram can be traversed by
changing the initial cell density. Single-foci propagation assays were
performed as described above, in vitro and in silico, starting from
initial densities of 1x, 2x, or 4x confluent cell density. Figures 6G–I
and S18A, B show that the behavior of the propagation follows the
predictions of the model. In Fig. 6G (in vitro; mean± s.d.) and Fig. 6H
(in silico), the propagation disc is smaller and deactivates faster at an
initial density of 2x. At an initial density of 4x, there is no activation in
silico and very little activation above baseline in vitro. Thus, as initial
density increases, the critical attenuation density is reached more

quickly and there is less time for the signal to spread. Due to the
persistence of mCherry after transceiver deactivation (see Fig. 3A), an
important property of transceiver patterning is the maximum size of
the activation disc before deactivation. As shown in Fig. 6I, the initial
density determines the maximum area of the propagation disc. Signal
propagation in vitro followed the predictions of the model, with less
signal propagation at higher densities, and smaller maximum radius of
the foci before GFP attenuation. Finally, selected perturbations of
proliferation rate coupled with cell density also followed computa-
tional predictions, as shown in Supplementary Fig. S18C, D.

Altogether, these observations demonstrate that spatiotemporal
patterning with the signal-propagation circuit based on synNotch can
be modulated with initial seeding density and proliferation rate. Can
these results be exploited to generate spatial patterns over a whole
culture well?

Tissue-scale cell density distributions generate spatial signaling
activation distributions and kinematic waves
In order to define distinct regions of differentiation, embryonic tissues
regulate the spatial distribution of chemical morphogens78,105,106.
Recently, chemical distributions havebeen engineered todirect spatial
differentiation using exogenousmorphogens55,107. Here, we instead set
out to engineer spatial information in a non-genetic fashion in the form
of cell density distributions,which canbe decodedby transceivers into
distinct spatial domains. We hypothesized that a spatial distribution of
cell density can elicit a distribution of GFP ligands, as signaling occurs
when density is within the optimal range (ρc

low < ρ<ρc
high). Figure 7A

shows a computational example where a spatial gradient of initial
density causes distinct regions of GFPlig expression (see “Methods”).

To test this prediction, we established an in vitro system where a
1:100 mixture of senders and transceivers was seeded in a tissue cul-
ture well. Based on the number of seeded cells, the density was 2x
confluence (2500 cells/mm2) on average, but the initial seeding was
biased towards one end of the well, forming a gradient of cell density.
We then imaged a nuclear stain (DAPI) and GFP as a proxy of cell
density and signaling activation, respectively (see also Fig. S19). As
shown in Fig. 7B, C, at 3 days of culture the GFP output of the trans-
ceivers is patterned along the well in a way that recapitulates the cell
density pattern. Thus, spatial patterns of gene expression can be
established with this circuit given the cell-density dependency, via
establishing cell density patterns.

We also hypothesized that we could obtain kinematic wave-like
behaviors with the appropriate initial cell density gradients. We first
explored this hypothesis in the computational model. The hypothesis
follows the idea that, as is the case with uniform cell density, gradients
of cell density could produce rich signaling behavior over time due to
the dynamics of cell population growth. In particular, because signal-
ing activation occurs in our system within an optimal range of density
(see Fig. 1E), we hypothesized that at lower densities, a spatial gradient
of cell density could cause a virtual wave of activation across the well.
Due to population growth, a region of the culture well that begins the
time-course too sparse for activation over time will enter the optimal
range and eventually exit this range. In Fig. 7D, phase diagrams at three
consecutive time-points of simulation are annotated with the critical
densities, plotted dotted lines. Over time, regions of the well with
different initial densities (shown on a logarithmic Y-axis) should enter
the optimal range between the two lines at different times. As shown
using an example gradient in Fig. 7E, this staggered activation creates
the appearance of a large wave spreading through the well. However,
this wave is in fact only virtual, or “kinematic,”meaning each region is
turning on and off independently based on its local cell density.

We then sought to exploit cell proliferation to generate a kine-
matic wave of activation across the culture well in vitro. We found that
indeed, a region of the well that begins the time-course too sparse for
activation over time will enter the optimal range and eventually exit
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Fig. 6 | Control of Transceiver activation area by manipulating cell prolifera-
tion rate and initial cell density. A Time-course of cell density measures for cells
grown in presence of growth-modulating drug as indicated: Untreated (yellow
circles), FGF2 (violet triangles), or ROCK-inhibitor (RI; green squares). Automated
cell counting was used to measure density (symbols: experimental means from
n = 3 experiments) and parametrize the logistic growth equation (solid lines of
corresponding color). “Untreated” sample reproduced from Fig. 3B. For similar
experiments with other treatments see Fig. S16A. B Theoretical phase diagram of
Transceiver propagation behavior as a function of proliferation rate (g) and initial
cell density (ρ0) (see Fig. 4A), with markers indicating the fitted parameters of
different experimental conditions. The circle represents the best-fit growth rate
based on growth curve data and the error bars denote 90% CI with n = 1e6, calcu-
lated by bootstrapping. C Schematic of the whole-well propagation assay. A co-
culture of senders (purple) and transceivers (brown) is plated in a culture well at
time t =0. Each sender acts as a propagation focus (inset diagram), and the

distribution of ligand produced in the well (green) over time is assessed by fluor-
escence imaging. This assay allows quantification of propagation without isolation
of single propagation foci. D Time-series micrographs of 1:100 sender:transceiver
co-cultures plated at 1x density (1250 cells/mm2) under various drug treatments.
Senders and activated transceivers produce GFP (green). Scale bar 1mm. Note the
plastic well border produces a circular green artifact. E Percent of the well in (D)
covered by GFP fluorescence over time (experimental means from n = 2 experi-
ments). For similar experiments with other treatments see Fig. S16B, C. F Simulated
results for propagation area over time in the conditions of in vitro parameters of
(D). G in vitro propagation of single foci over time for different initial densities. Y-
axis is propagation radius (rprop) (symbols: radii of 5 individual foci). H Simulated
results corresponding to in vitro conditions of (G). I Peak propagation radius
in vitro for different initial densities (n = 5 foci, bars indicates mean). See also
Fig. S16. Source data are provided as Source Data file.
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this range. This staggered activation creates the appearance of a large
wave spreading through thewell (Fig. 7F, Supplementary Figs. S19, S20
and Supplementary Movies 9–12). However, this wave seems in fact
only virtual, or “kinematic”, meaning each region is turning on and off

independently based on its local cell density. We found the wave
velocity to be 0.67 ± 0.18mm/day (mean± s.d.) (Fig. 7G), 5.1 times
faster than the speed of direct cell-to-cell propagation measured at 1x
confluent density (Fig. 2H) and roughly twice the speed of directed

DAPI

DAPI

DAPI
GFP

In vitro

In vitro

In vitro In vitro

In silico

In silico In silico

Fig. 7 | Spatial patterns of cell density produce millimeter-scale activation
patterns and kinematic waves. A Left—phase diagram of qualitative behaviors of
transceiver activation as a function of intrinsic proliferation rate (g) and initial cell
density (r0) for t = 2.7 days. Top right—Schematic of spatial pattern of density in a
culture well, S = signaling, NS= non signaling. Bottom right—signal propagation
simulationwith initial condition of patterned cell density. Green represents the GFP
concentration at steady-state [GFP]SS. B, C In vitro density and signaling patterns.
B Stitched epifluorescence micrographs of a culture well seeded with a sender:-
transceiver co-culture (1:100 ratio) in a spatial pattern of initial density (average of
2x) and imaged at 64 h of culture. Scale bar 2mm. DAPI staining was used as a cell
density readout (see Fig. S19B). Yellow box quantified in (C). C Fluorescence pro-
files showing the anti-correlated DAPI and GFP patterns, n = 1 profile shown. See
Fig. S19 for the cell density pattern method. D, E In silico modeling predicts long-
range kinematic waves over time. D Phase diagrams at three time-points with

logarithmic y-axes. The density range between ρc
low and ρc

high (white dotted and
dashed lines) is optimal for signaling. EModeling results of signal propagation in a
non-uniform cell density field. Green is [GFP]SS. Between ρc

low and ρc
high (white

dotted and dashed lines) is optimal for signaling. F, G Synthetic kinematic wave
generated by a density pattern in vitro. F Epifluorescencemicrographs of a culture
well seeded with 1:100 senders:transceivers in a spatial pattern of density (average
of 1x, i.e., 1250 c/mm2) and imaged daily. Green indicates activated transceivers,
blue is correlated to cell number. Scale bar 2mm. The yellow box region is quan-
tified in (G). See Supplementary Movies 9–12 for time-lapse movie of this dataset,
and Figs. S19 and 20 for more examples and details. G Spatial profile of GFP
fluorescence in (F) over time.White dots show themean wavefront position, which
has a velocity of 0.67 ± 0.18mm/day (mean± s.d.). All experimentswere repeatedat
least 3 times with similar results. Source data are provided as a Source Data file.
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fibroblast motility108. Collectively, these results show that we can cre-
ate spatio-temporal patterns of signal activation through biased dis-
tributions of cell density coupled with population growth.

Discussion
The astonishing diversity of tissue patterning and morphology in our
own bodies, compared to the relative uniformity of the starting
material (fertilized oocyte), underscore a challenge of how the genetic
circuits for patterning achieve precision in an ever-changing mechan-
ical environment. In particular, patterning of cell growth (prolifera-
tion) generates complex inhomogeneities in cell density over space
and time in all growing tissues. This observation provokes the funda-
mental question of whether and how mechano-chemical circuits
expand achievable patterning behaviors, compared to chemical only
circuits, to achieve some of the organization that we see in multi-
cellular shapes and patterns. We report here a first example of a rea-
lization of synthetic patterning circuit based on synNotch signaling,
which we find to be sensitive to cell density, and how this can be used
to increase patterning outcome via control of cell proliferation and cell
density.

We first here discovered that cell-density inhibits SynNotch acti-
vation of target genes, which was previously unreported. We demon-
strate density-dependency of gene induction via synNotch with two
different synNotch signal/receptor pairs, and in twodifferent cell lines,
a mouse fibroblast and in mouse embryonic stem cells; and we also
show it both in 2D and in 3D environments. The data collected points
to a mechanism whereby high cell density induces a transcriptionally
repressed state that particularly decreases transmembrane protein
abundance at the plasma membrane, consequently generating a
signaling-depressed state aswell. Othermechanisms could contribute,
including decreased cell migration at higher densities.

When cultivating cells in vitro it has been shown that, in several
non-synthetic systems, cell density significantly impacts the growth
and differentiation of cells, so much that cell density is a parameter
that needs to be extensively optimized both for cell line maintenance
and directed differentiation protocols24–43. The density ranges that we
investigate here in 2D and in 3D are comparable to the range of values
recorded for developing embryos (sea star embryo between 500 and
4000 c/mm2, Xenopus mesoderm—between 1 and 2000 c/mm2, avian
presomitic mesoderm has an antero-posterior gradient of cell density
from 10,000 to 6000 cells/mm2)41. Moreover, examples of cell-density
mediated effects are starting to emerge in in vivo settings: a recent
study reported the identification of an organizing center induced via
proliferation-driven increase of cell density in the development of
rodent incisors23. Mechanistically, these effects have been described as
due to mechanotransduction, or metabolic effects, or cell shape
effects. It remains to be seen if, in these natural systems, phenomena
like the one described in the synthetic system in this manuscript are at
play. The mechanism that we observe here, linked to a transcriptional
slow down, might extend to other signaling proteins, both natural and
synthetic; and even non-signaling proteins, e.g., metabolic enzymes
and short-lived transcription factors. Our data points the interested
reader to consider this phenomenon especially for short-lived
proteins.

Secondly, we designed and constructed in vitro and in silico an
orthogonal synthetic patterning system based on synNotch lateral
propagation signaling cells we termed transceivers. This system
enables activated transceiver cells to activate their neighbors leading
to signal propagation waves initiated by sender cells. When this circuit
is implemented in a cellular system that does operate in a cell-density
dependent regime, it generates signal propagation waves from sender
cells (as was previously shown is a semi-synthetic systemwith a similar
logic57). The fact that, in our system, signaling is coupled with cell
density significantly increases the control points, and ultimately also
the possible patterning outcomes. We see this for example with the

capacity of controlling propagation velocity with different static den-
sities. When the cell density is increasing over time, the propagation
becomes self-limiting; when cell density is non-uniform in space, spa-
tial patterns are observed. Finally, when cell density is non-uniform
both in space and in time, we observe kinematic wave patterns. This
remarkable increase of patterning outcomes from the same genetic
circuit, highlights a key feature of mechano-chemical circuits in gen-
eral, i.e., that they can achieve increased control and phenotypic
diversity compared to the chemical-only components. It is possible
that these systems emerged as a necessity during evolution as a need
to achieve patterning in a proliferating mass of cells; they may also
have significantly contributed to increasing the diversity of patterning
that were possible, without changes in the underlying genetics.

A feature of the work presented here that we want to highlight is
the integration of computational and in vitro work. Thanks to the
computational system, built and parametrized with an in vitro initial
dataset, and despite a lack of quantitative parameter estimation for
many of the molecular interactions, it was possible to enumerate the
qualitative behaviors possible with this density-dependent multi-
cellular circuit, and explain them from simple properties of the com-
ponents and their interactions. This computational analogue was
helpful to characterization of the possible patterning outcomes of the
system for a wide range of initial conditions of density and prolifera-
tion and was helpful to guide further the in vitro realization. Integra-
tion of computational design is a trend in synthetic biology, is verywell
developed for circuits in bacteria109 and is been deployed for multi-
cellular systems58–60,86 and is being discussed for complex synthetic
developmental pattern generation. The example of integration pre-
sented here provides an example of how to integrate computational
design into Synthetic Development (synDev) efforts. Although for
some applications it may not be required to have a precise para-
metrization, we do note that in some specific instances the overlap
between in silico simulations and in vitro results is not complete. For
example, the experimental propagation area was found to be smaller
than predicted by modeling in Fig. 6E, F. Such a deviation could be a
result of imaging pipeline thresholding, or of effects of the drugs that
are not taken into account in themodel, such as drug induced changes
in the production rate of ligand, cell motility, or the process of fusion
between adjacent signaling foci. Increasing parametrization of more
variables in the model could potentially increase agreement between
model and data.

The features of the propagation circuit described above point to
systems that would benefit from this type of circuit in general, and this
specific circuit in particular. Systems that display differences in cell
density either in time (i.e., all 2D and 3D growing cell cultures), or in
space (e.g., developing organoids or even embryos), could embed a
synNotch circuit of this kind to read on these cell density differences,
and produce localized responses, for example growth factors for
localized delivery of signals, or cell autonomous differentiation. The
self-limiting feature of the circuit to circles of controllable radii, could
be used to generate cell state domains of controlled size, for example
to produce specific signaling or structural molecules, or even for dif-
ferentiation of placode-like structures in epithelia, or smart signaling
centers in feeder layers.

The current implementation of the propagation circuit is limited
to a one-directional control of signaling via cell density. The result is an
open loop circuit that displays controllability from the outside as we
described above. One outstanding feature of endogenous genetic
circuits is their capacity to autonomously close the loop and control
back the mechanical properties via the circuit output itself. Exciting
future directions for extension of this work in this direction would
include generating transceiver cell line that activate proliferation
control genes, either cell autonomously or non cell-autonomously, to
generate a closed-loop circuit architecture for autonomous control of
patterning outcomes. Mechano-chemical coupling phenomena could
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provide a route towards constructing synthetic circuits that can
modulate progression through morphogenesis in a stepwise fashion,
for example, executing new gene expression programs sequentially
following the completion of a morphogenetic program, towards the
construction and control of circuits of complexity similar to the ones
observed in vivo.

Altogether, we described a way to study and control synthetic
patterning circuits based on synNotch throughmodification of cellular
growth in vitro and in silico; we believe this mechano-chemical feed-
back on signaling could provide a valuable addition to the toolbox of
the engineer of synthetic morphogenetic systems.

Methods
Constructs
Constructs design. The pHR_SFFV_LaG17_synNotch_TetRVP64
(Addgene #79128). The pHR_SFFV_GFPligand (Addgene #79129) were
provided by AddGene, whereas the pHR_TRE3G_mCherry_PGK_BFP
wasobtained as described in this reference53. The rest of the constructs
were cloned via In-Fusioncloning (Clontech#ST0345). Specifically, the
plasmids used for engineering fibroblasts were cloned in the pHR
plasmid for lentivirus production.

Lentivirus production. Lentiviruswas produced by co-transfecting the
transfer plasmids (pHR) and vectors encoding packaging proteins
(pMD2.G and pCMV-dR8.91). Plasmids were transfected by lipofecta-
mine LTX transfection reagent (Thermo Fisher Scientific) in HEK293-T
cells (Takara 632180) plated the day before in 6-well plates at
approximately 70% confluence (800,000 cells/well). Supernatant
containing viral particles was collected 2 days after transfection and
filtered to eliminate dead cells and cellular debris (cut-off 0.45μm).

Cell lines—L929. L929 mouse fibroblast cells (ATCC# CCL-1) and
HEK293 cells (Takara 632180)were cultured inDMEMhigh glucose, [+]
L-Glutamine, [−] Sodium Pyruvate (Invitrogen) containing 10% fetal
bovine serum (Laguna Scientific), 1% penicillin-streptomycin (Sigma-
Aldrich P4333) and tetracycline (100ng/ml) when indicated.

We generated engineered cell lines that we call “Senders” in the
manuscript. The L929 Senders were obtained by transduced to stably
express surfaceGFP (GFP fused to the PDGFR transmembrane domain,
Addgene construct #79129), with or without the addition of a nuclear
infrared fluorescent marker (H2B-miRFP703, Addgene plasmid
#112853) under control of the SFFV promoter.

We generated engineered cell lines that we call “Transceivers” in
themanuscript. L929 transceivers were obtained via transductionwith
three different virions. The first virion constitutively expresses an anti-
GFP antibody (Lag17) fused to a syn-Notch receptor with the tran-
scription factor tetracycline Trans-Activator (tTA) as its intracellular
domain, under the control of the SFFV promoter. This receptor har-
bors a myc-tag on its extracellular domain that can be visualized by
immunostaining (Addgene #79128). A second virion expresses both
the mCherry reporter and BFP, respectively under control of the Tet-
racycline responsive element (TRE-3G) promoter (cloned with the
Infusion kit from the Addgene plasmid #133805) and the constitutive
PGK promoter (cloned with Infusion from Addgene plasmid #79120).
The third virion expresses surface GFP ligand (PDGFR-GFP, chimeric
protein made of the PDGFRB transmembrane domain plus 63 bp ser-
ving as a “natural linker” and GFP combined with the proper secretion
signal peptide) under transcriptional control of the TRE-3G promoter.
Cells were sorted based on tagBFP expression,myc staining (SynNotch
has amyc tag) (Cell Signaling, clone 9B11) and GFP signal (transceivers
have some leaky expression). Monoclonal lines 25A2, 5CC and T2 were
generated by expanding cultures from single cells, which were then
screened for signal propagation efficiency.

“Receiver” cells were obtained from the Lim Lab, and were pro-
duced as previously described53. Briefly, they contain the

LaG17 synNotch TetRVP64 (Addgene #79128) anti-GFP synNotch
receptor, and a TRE–>mCherry reporter for synNotch induction
visualization.

“Senders hi /med /medlo / lo” lines were obtained by transducing
L929 fibroblasts with a vector encoding PDGFR-GFP under the control
of the SFFV promoter, followed by gating 4 populations exhibiting
different levels of GFP signal intensity via FACS.

“Dox - cytoplasmic GFP” cells were engineered by transduction of
parental L929 cells with 2 virions. The first encoded tTA-VP64 and
tagBFP, separated by an IRES sequence and under the control of the
SFFV promoter. The second expressed GFP under the control of the
TRE-3G promoter. Cells were sorted based on tagBFP expression and
GFP signal in the absence of doxycycline. Addition of 1mg/mL dox-
ycyline (Sigma-Aldrich #D3447) led to GFP signal extinction.

“dox-Sender” cells were generated by transduction of L929 cells
with 2 virions. The first encoded tTA-VP64 and tagBFP, separated by an
IRES sequence and under the control of the SFFV promoter. The sec-
ond expressed PDGFR-GFP under the control of the TRE-3G promoter.
Cells were sorted based on tagBFP expression and GFP signal in the
absence of doxycycline. Addition of 1mg/mL doxycycline led to
maximal GFP signal extinction.

“mCherrylig Senders” were generated with a vector driving the
expression of PDGFR-mCherry (chimeric protein made of the PDGFRB
transmembrane domain plus 63 bp serving as a “natural linker” and
mCherry, combined with the proper secretion signal peptide)
(Addgene #216668) under the control of the SFFV promoter. Cells
were sorted based on mCherry signal positivity. “tagBFP Receivers”
were generated with 2 vectors, the first for expressing the anti-
mCherry SynNotch receptor FLAG-LaM4-Notch-GAL4VP64 under the
control of the ELf1a promoter (Addgene #216669), and the second
placing the expression of tagBFP under the control of a 5xUAS pro-
moter and the expression of the Hygromycin Resistance gene under
the control of the PGK promoter (Addgene #216665). Cells were
selected with 0.4mg/mL hygromycin until a parallel culture of control
non-transduced cells completely died. Theywere then sorted based on
staining of the FLAG peptide with an anti-flag antibody (R&D Systems,
clone 1042E used at 1:100 dilution).

Cultures were maintained in a 37 °C incubator with 5% CO2 and
relative humidity (VWR). For viral transduction, cells were plated in
6-well dishes to achieve approximately 10% confluence at the time
of infection. For lentiviral transduction, 10–100ml of each virus
supernatant was added directly to cells, with 1 μl of polybrene
(Millipore Sigma) also added to increase infection efficiency. Viral
media was replaced with normal growth media 48 h post-infection.
Cells were sorted for co-expression of each component of the
pathways via fluorescence-activated cell sorting (FACS) on a Fac-
sAria2 (Beckton-Dickinson) and by staining for the appropriate
myc-tag with fluorescence-tagged antibody where needed. A bulk-
sorted population consisting of fluorescence-positive cells was
established for “sender” cells. For single-cell clonal population
establishment of transceivers, single cells were sorted by FACS into
96-well plates starting from populations of cells infected with len-
tiviral particles for the relevant expression constructs. After sort-
ing, monoclonal population were expanded and screened for the
activation of the GFP ligand after stimulation with anti-myc anti-
bodies (Cell Signaling Technology) bound to an A/G plate (Thermo
Scientific).

Cell lines—ESC. Mouse embryonic stem cells were cultured in DMEM
high glucose, [+] L-Glutamine, [−] Sodium Pyruvate (Invitrogen) con-
taining 15% fetal bovine serum (Laguna Scientific), 1% GlutaMax
(Thermo Fisher Scientific #35050061), 1% non-essential amino acids
(Thermo Fisher Scientific #11140050), 2mM Sodium Pyruvate
(Thermo Fisher Scientific #11360070), 7 ppm 2-mercaptoethanol, 1%
penicillin-streptomycin (Sigma-Aldrich P4333).
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ESC Sender (SyNPL CmGP1GH1) and Receiver (SyNPL STCA1)
cultures were obtained from the Lowell lab95. The GFP and membrane
GFP dox-inducible ESC lines were generated from the ZX1 cell line,
which we obtained from Michael Kyba’s group110.

To generate doxycycline-inducible GFP and PDGFR-GFP ESC lines,
we took advantage of the inducible cassette exchange system descri-
bed previously110. Briefly, the ORF of GFP with or without a signal
sequence and a transmembrane domain were cloned into a vector
containing 2 asymmetric loxP sites via In-Fusion cloning. The ZX1 ESC
linewas used for transfection, which contains corresponding loxP sites
in the HPRT locus flanking a CRE recombinase coding sequence, an
upstream TRE and a downstream promoterless Neomycin resistance
cassette. One day before the transfection, the expression of the CRE
was induced in ZX1 ESCs by adding 500ng/mL of doxycycline to the
medium. Transfection was performed using lipofectamine 2000
(Invitrogen), then Neomycin was added the next day to themedium at
a concentration of 300 ug/mL to select for the cells with the correct
site-specific insertion of the plasmid. After 7 to 10 days of Neomycin
selection, dox-inducible GFP or GFPlig ESCs were further purified by
FACS-sorting GFP+ cells after 24 h of dox induction at 500 ng/mL.

3D cell culture. Agarose micromolds were prepared as indicated by
the provider (Microtissues, Sigma-Aldrich). Briefly, agarose was dis-
solved in saline water. Melted agarose was poured in silicon molds
encoding either single spheroids circular wells or rectangular wells for
generating rods. L929 Senders:Receivers 1:1 cell suspensions were
prepared as indicated in the provider’s documentation to seed
spheroids and rods of desired sizes. Cultures were imaged 24 h post
seeding with a Keyence BZ-X710 microscope.

Experiments
Signaling modulation assay. Senders and receivers L929 cells were
co-cultured in a 1:1 ratio in DMEM+ 10% for 24 h. Then, cells were
detached and analyzed by FACSAria2 (Becton-Dickinson). The
mCherry signal is specifically measured in Receiver cells, which can be
gated out thanks to constitutive tagBFP expression (Supplementary
Fig. 1). The control activation is performed on tissue-culture treated
plastic dishes, at a 100% confluent cell density, in the absence of drug
treatment. In the positive and negative controls (gray violin plots)
sender cells are present and absent, respectively. We report and refer
to the density of the cell culture as a multiple of the density at 100%
confluence (cells cover 100% of the surface). We estimated by visual
inspection that the confluent density is 1250 cells/mm2 for L929, and
refer to it as 1x confluence or simply “1x”.

The experiments where ECM composition is modulated (fibro-
nectin, matrigel, gelatin), the procedure used Fibronectin (Corning via
VWR, VWR catalog #47743-728) was used without dilution and incu-
bated for 1 h at 37 °C;matrigel (Corning via VWR, VWR catalog #47743-
720) 10 ul of Matrigel were diluted in 1ml of DMEM in ice and then
incubated at 37 °C for 45min for the coating; gelatin (Sigma-Aldrich,
catalog #G1890) at is provided ready to use and incubated for 1 h at
room temperature to prepare the plate before cell seeding at 1X
density.

For the stiffness modulation, experiments were performed at 1x
density on a commercial plate with FN coating on the silicone bottom
(CytoSoft 6-well Plates, Advanced Biomatrix).

The set of experiment done in the presence of cytoskeletal
modulators, the drugs Y-27632 to inhibit Rock (Stem Cell Technolo-
gies, #72304), used at 100uM; latrunculin (Sigma-Aldrich, Catalog
#L5163) at 200uM; blebbistatin (Sigma-Aldrich Catalog #B0560) at
25 ug/ml. All the drug treatments were done on tissue treated plastic
dishes at 1X plating density.

The set of experiments with modulated cell density at plating
were doneon standard tissue cultureplastic, at the indicated densities,
where 1x = 1250 cells/mm2 for L929, and 1x = 6000 cells/mm2 for

mESCs. 2x density would then be 2500 cells/mm2 for L929 and 12,000
cells/mm2 for mESCs. Cell numbers were evaluated with a Countess II
cell counter (Thermo Fisher Scientific). To note, it is known that the
outcome of cell counting varies from user to user and method to
method, and we thus recommend to visually compare experiments to
assess which density is considered as 100% confluency, and to ulti-
mately perform a dose-response curve like the ones depicted in
Fig. 1E–G for a specific cell line and a specific user.

Measurement of various signals via FACS. For all experiments,
except where indicated otherwise, cells were cultured 24 h after
seeding at indicated plating density. Cells were then detached with
TrypLE Select (Thermo Fisher Scientific #12563029), resuspended in
FACS buffer (5 % FBS in DPBS). Cells were then stained if necessary for
30min at 4 °C before washing. anti-GFP antibody: Thermo Fisher Sci-
entific clone 5F12.4, anti-myc antibody: Cell Signaling clone 9B11. Cells
were then processed in a Becton Dickinson FACSAria II and data pro-
cessed with FlowJo and Python. When signal is reported as «normal-
ized fluorescence (log10 arb. units)», signal from individual cells were
divided by the mean signal in control cells, before being transformed
with the Numpy log10 function. As this function generate inf values for
some rows, those were removed before plotting.

All the antibody are used at 1:100 dilution unless otherwise
noticed.

Imaging. Tomeasure theGFP aggregates viamicroscopy (S9D), wedid
as follow: we plated sender + transceiver cells at 1:100 density at the
indicated densities of 1X, 2X or 4X.We then fixed the cells with 4% PFA
for 10min, and performed immunostaining for anti-GFP synNotch
receptor with an anti-myc antibody Alexa 647-conjugated (Cell Sig-
naling Technology, Catalog #2233S). Fluorescent microscopy images
were capturedwith aKeyenceBZ-X710digitalmicroscopemachine. To
measure the aggregates surface area, the green fluorescent channel
was isolated and analyzed by itself; a mask was obtained and the sur-
face individual GFP aggregates was calculated in ImageJ with the
function “Analyze Particles”.

For analysis of YAP localization (Fig. S6B), L929parental cells were
plated at the indicated densities of 1X or 4X for 24 h, fixed in 4% PFA
and stained with an anti-YAP/TAZ mouse antibody (Santa Cruz Bio-
technology, Catalog #sc-376830 AF647, used at 1:200 dilution), and
imaged after DAPI counterstaining with a Keyence digital microscope.

Actin staining was performed by incubating cells in conditioned
media + 1/1000 SPY555-actin (Cytoskeleton, Inc.) for 1 h before live
imaging.

For imaging of the membrane-bound fraction of PDGFR-GFP and
SynNotch in L929 Senders and Receivers, cells were fixed 24 h after
being seeded with a 4% PFA solution in DPBS, but not permeabilized.
They were then stained with either an anti-GFP antibody (Thermo
Fisher Scientific clone 5F12.4) or an anti-myc antibody (Cell Signaling
clone 9B11) directly coupled to a far-red fluorophore. Multiple z-slices
of different fields of the cultures were then imaged with a Leica
inverted SP8 confocal microscope. Z-slices were then combined with
the Z-project Add algorithm of Fiji, and representative fields selected
for figure generation.

For evaluating cell density distribution in kinematic wave experi-
ments, cells were cultured with a “0.01X” DAPI concentration, where
“1X” corresponds to 2 drops of NucBlue (Thermo Fisher Scientific) per
mL of media.

All the antibody are used at 1:100 dilution unless otherwise
noticed.

Conditioned media. For the conditioned media experiment
(Fig. S6A), sender and transceiver cells were plated at 1X or 4X
density for 1 day, after 24 h the media was harvested; in another
plate, sender + transceiver cells at 1:1 ratio were plated at either 1X or
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4X densities; plating media was conditioned media from either 1X or
4X densities.

Propagation experiments. The L929 Sender and Transceiver cells are
passaged in presence of tetracycline (100 ng/ml); for the propagation
experiments, sender and receivers are co-plated at a ratio of 1:1000 in
absence of tetracycline. Cells were imaged by automated inverted
epifluorescence microscope (Keyence BZ-X710) at a magnification of
2X for the image acquisition of thewholewell and at 20X for the image
acquisition of the single spots.

Growth curves. Proliferation rate was tuned with the addition of
50 µM ROCK inhibitor (Y-27632, RI, Stem Cell Technologies, #72304),
1 µMmitomycin-C (Stem Cell Technologies, #73274), 250 ng/mL FGF2
or a concentration of 25% of FBS. Cells were plated at a 1x initial
seeding density, and 3 wells were dissociated at each timepoint for cell
counting with a Countess II device (Thermo Fisher Scientific). The
counts in each well were averaged to generate an experimental mean.

Measure of GFP and PDGFR-GFP half-life. To measure the stability
(half-life) of cytoplasmic GFP and PDGFR-GFP, we used cell lines where
the expression of those proteins was controlled by the presence of
doxycycline.

In Fig. 2D, for L929 cells, cell lines “dox-cytoplasmic GFP” and
“dox-sender” were engineered such that the addition of 1mg/mL
doxycycline would lead to complete shutdown of GFP signal down to
baseline (see section “Cell lines—L929” in the “Methods”). These cells
were cultured without doxycycline for a minimum of 7 days, and
multiple wells were then seeded at a density of 0.125x in media con-
taining 1mg/mL doxycycline. GFP signal was thenmeasured at regular
intervals by dissociating the cells and measuring fluorescence with a
FACS machine (BD). This experiment was performed 3 times, with the
plot showing the average of experimental medians and s.e.m. In the
graphs of Fig. 2D, the GFP values are normalized so that 0 corresponds
to fluorescence levels in cells kept in doxycycline (dox) formore than a
week, and 1 to the fluorescence in the cells at the start of the
experiment.

In Fig. 2E, for ESC lines, cell lines “dox-cytoplasmic GFP” and “dox-
sender” were engineered such that the addition of 1mg/mL doxycy-
cline would lead to maximum induction of GFP expression, and
absence of doxycycline would lead to GFP expression shutdown (see
section “Cell lines—mESC” in the “Methods”). Cells were cultured with
1mg/mL doxycycline for a minimum of 7 days before being plated at a
density of 0.06x at the same time that doxycycline was removed. GFP
signal was then measured at regular intervals by dissociating the cells
and measuring fluorescence with a FACS machine (BD). This experi-
ment was performed 3 times, with the plot showing the average of
experimentalmedians anderror bars: s.e.m. For Fig. 2E, solid lineswere
generated from the average of 3 medians from 3 individual experi-
ments, normalized so that 0 corresponds to fluorescence levels in cells
kept without doxycycline (dox) for more than a week, and 1 to the
fluorescence in the cells cultured with dox formore than a week at the
start of the experiment (for details, see “Methods”).

For both L929 and ESC lines, the signal in each experiment was
normalized so that the maximum GFP fluorescence would be set at 1,
and the baseline (minimum) GFP fluorescence at 0. This was achieved
by subtracting the minimum measure GFP signal before dividing by
(maximum GFP signal minus minimum GFP signal) for each signal.

Death index. Cell death was estimated by quantifying the percentage
of all ungated FACS events above a threshold of DAPI signal. The death
index is calculated as the percentage of all events above a DAPI posi-
tivity threshold. We note that this index encompasses both intact cells
with compromised membrane permeability and nuclei debris in the
FACS events.

Induction of protein expression at different densities. To evaluate
how seeding density affected the efficiency of protein expression
induction, we cultured L929 “cytoplasmic GFP”, i.e., cells that were
engineered such that the addition of doxycycline (or tetracycline)
would lead to complete shutdown of GFP signal down to baseline (see
section “Cell lines—L929” in the “Methods”). Cells either with (OFF) or
without (ON) tetracycline at 1mg/mL for a minimum of 7 days to
maximize gene expression. Cells were then plated at a range of den-
sities, with (OFF-OFF, ON-OFF) or without (ON-ON) doxycycline 1mg/
mL to maximize target gene shut down. Twenty-four hours after
plating, cells were dissociated and fluorescencemeasured with a FACS
machine (BD). This experiment was performed 2 times, with the plot
showing individual experimental medians and the average of experi-
mental medians.

Kinematicwave. To seed cells unevenly in a 96-well plate, 40,000cells
were seeded in 2 steps: 27,000 cells were seeded in 20 µL on the side of
the plate while it was tilted 45°, and given 30min to adhere at room
temperaturewithoutmoving the plate. Theplatewas then laidflat, and
13,000 cells were seeded in 180 µL injected in the center of the well.
Cells were once again given 30min at room temperature to adhere
without perturbations, before returning the plate to a culture incu-
bator. Wells were then imaged with a 2X objective fitted on a Keyence
BZ-X710 every day for the duration of the experiment.

Quantification of total RNA levels. After removal of the media, RNA
lysis buffer was added directly to the culture wells. Extraction of total
RNA from cells was performed with the Quick-RNA miniprep kit
(Zymo) according to the manufacturer’s instructions. RNA con-
centration was measured using Nanodrop and total quantity was
estimated for each sample by multiplying this concentration by the
total volume of RNA. Total RNA content per cell was estimated by
dividing this amount by the number of cells initially seeded.

Image analysis
Processing of fluorescence images. To quantify the profiles of
fluorescence intensity in microscope images, analysis was performed
by Fiji-ImageJ. Background was subtracted and binary masks for
fluorescent signals were generated to automatically segment propa-
gation spots and quantify the area of fluorescence.

The Subtract Background algorithm of ImageJ was routinely used
to evenout the background signal influorescence channels. TheTurbo
look-up table sometimes used to show single-channel fluorescence
fields was obtained from: https://github.com/cleterrier/ChrisLUTs/
blob/master/Turbo.lut.

Cell shape analysis. We sought to quantify the change in projected
cell shape. In the absence of a membrane marker, zoomed-in fields of
view were selected at random from bright field images taken before
FACS analysis (1:1 Sender:Receiver ratio, imaged at 24 h of co-culture).
Using Python, outlines of a subset of cells in the field of view were
drawn manually and their area and perimeter were calculated. Both
Senders and Receivers were counted and not distinguished. The cir-
cularity index was calculated asc=4π Area

Perimeterr2. The index ranges from
0 to 1, where c = 1 is a perfect circle.

Inference of cell motility. Cell motility speed in Supplementary
Fig. S6D was inferred by particle image velocimetry (PIV) applied to
brightfield images. In each density condition, bright field images of
three regions of interest (ROIs) were taken hourly for 160 h using an
automated inverted epifluorescencemicroscope (KeyenceBZ-X710) at
20X magnification. Every ten frames, the flow field was measured by
comparing the locations of “particles” (cell fragments) in adjacent
frames (i.e., 0 h to 1 h, 10 h to 11 h, etc.). Particle velocities were then
grouped within a 64 × 64 pixel window to generate a vector field of

Article https://doi.org/10.1038/s41467-024-53078-8

Nature Communications |         (2024) 15:9867 16

https://github.com/cleterrier/ChrisLUTs/blob/master/Turbo.lut
https://github.com/cleterrier/ChrisLUTs/blob/master/Turbo.lut
www.nature.com/naturecommunications


velocities. Outlier velocities were replaced with the local mean in a
3 × 3 window kernel, and the mean velocity in the ROI was measured.

Data analysis and plotting. Data were analyzed and plotted using
Python with the Seaborn, Numpy and Pandas plugins; Excel; GraphPad
Prism 10.

FACS signals normalization. We normalized some FACS signals,
especially when we plotted multiple experiments on the same figure,
to account for variability in signal intensity from day to day. We
either (1) divided the fluorescence intensity in the conditions of
interest by the median intensity of a negative control (unactivated
Receivers, parental cells, etc.); (2) bound the intensities between 0
and 1, with the following formula, where Smax is the highest signal in
the dataset to be set at 1, Sbackground the signal in the negative control
to be set at 0, S the signal to normalize and Sbound the normalized
signal S : Sbound =

S�Sbackground
Smax�Sbackground

.

Statistical analysis
Comparison of fluorescence measurements by FACS. We use two
samples as reference distributions for the ON and OFF signaling phe-
notypes and determine whether each experimental sample resembles
the ON distribution PON more than the OFF distribution POFF using a
likelihood ratio test. Specifically, each reference samplewas converted
to a probability distribution by binning the data into a histogram with
1000bins and dividing eachbin’s quantity by the total. Before division,
a small quantity is added to each bin to avoid division by zero. Then,
for each experimental sample X consisting of fluorescence measure-
ments xi, the log-likelihood ratio (LLR) was calculated as
LLRðX Þ=Pilog10ðPONðxiÞ=POFF ðxiÞÞ. A sample with LLR <0 more likely
originated from the OFF distribution than the ON distribution and was
considered to have attenuated signaling. This procedure was found to
be robust to the number of bins used for the histograms (Supple-
mentary Figs. S8 for L929, and S10 for mES cells).

Estimation of population growth parameters. To model the dynam-
ics of cell density in culture, we use the logistic equation, a differential
equation that describes how population density ρðtÞ evolves over time
according to:

_dρ
dt

= g ð1� ρ
ρmax

Þ;ρðt=0Þ = ρ0 ð1Þ

At low densities ð0<ρ <<ρmaxÞ, there is exponential growth at the
intrinsic growth rate g. As density increases further, however, popu-
lation density saturates as it asymptotically approaches the carrying
capacity ρmax. Observed data are assumed to be normally distributed

about the curvewith constant standard deviation σ. First, we usedMLE
to infer g, ρmax, and σ using data from co-cultures with starting den-
sities of 1x, 2x, and 4x, and confidence intervals weredetermined using
the residual bootstrapping method. We then studied the effects of
ROCK-i andFGF2ongrowthby estimating g andσ and from treated co-
cultures with a starting density of 1x. During this second fitting, the
carrying capacity ρmax was held constant in order to alleviate para-
meter degeneracies. Specifically, when treated with ROCK-i, density
dynamics are near-constant, and the data can be explained equallywell
by either very slow growth (low g) or very low carrying capacity (ρmax).
Note that because signaling in our model only depends on the density
itself, both of these explanations produce the same predicted beha-
vior. Thus, fixing ρmax during parameter inference for ROCK-i- and
FGF2-treated samples removes the ambiguity of fitting without
affecting signaling behavior in silico.

Mathematical modeling
Computational modeling of transceiver signaling. To model the
multicellular sheet, we use a fixed lattice of cells, a framework used
extensively to study Notch-mediated patterning63,81–85,111. In our model,
each cell occupies a region on a hexagonal lattice. For a given density,
the area of each hexagon on the lattice is set equal to the average area
of cells in a confluent monolayer in vitro. As depicted in Fig. 3E, each
cell contains a system of chemical reactions that model synNotch
signal transduction (see “Methods”). A given cell (i) in direct contact
with its neighbors (j) can express both the signaling ligand (s) and the
reporter protein (r). To model cytoplasmic projections, which are
known to affect Notch-mediated patterning systems81,112,113, contact
strength is weighted by cell-cell distanceon the lattice (Supplementary
Fig. 12A). Using a standard dimensional analysis procedure, all vari-
ables, including time, are modeled as dimensionless (see Supplemen-
tary Information for variable definitions).

Following ligand-induced receptor activation, the recipient
transceiver cell responds by expressing ligand s after a time delay, τ,
corresponding to transcription, translation, andmembrane trafficking
of the ligand. Finally, a transceiver cell expressing the ligand on its
surface (in cis) has a reduced capacity for sensing ligand in trans, a
phenomenon termed cis-inhibition that is observed to regulate endo-
genous and synthetic Notch signaling63. Please see Supplementary
Fig. 12B for an example of sender, receiver, and transceiver activation
dynamics in silico. Lattices of size 50x50 and 150x150 were used for
phase diagram simulations and whole-well propagation simulations,
respectively. Otherwise, all simulations use a 80×80 lattice.

Changes in cell density are modeled by changing the size of all
cells equally. At a higher density, for example, cell size is reduced to
occupy less area while preserving the hexagonal lattice (Supplemen-
tary Fig. 12C, inset images). The density-dependence of signaling is
modeled by multiplying the amount of ligand-receptor complex by a
coefficientβ that decays exponentially as cell density deviates from the
baseline confluent density, 1x (Supplementary Fig. 12C, blue curve).
The dependence on density was parameterized by comparison with
data shown in Figs. 3 and 4.

The area of propagation was quantified as the area occupied by
Transceivers expressing ligand at a level greater than the threshold k
(see Table 1 for values of all parameters used in simulation). Wave
velocity was calculated similarly to the in vitro case.

Introducing growth in the model. Changes in cell density are mod-
eled spatially by changing the size of individual cells while preserving
the hexagonal structure of the lattice (Supplementary Fig. 12C, inset
images). At a density of 2x, for example, cell size is reduced by half. To
create density-dependent signaling, the amount of ligand-receptor
complex produced during signaling is multiplied by a coefficient that
decays exponentially as cell density deviates from 1x (Supplementary
Fig. 12C, blue curve). The exponential function was parameterized by

Table 1 | Modeling parameters

Parameter Meaning Value used

α Ligand production rate when induced 3.0

k Inducible promoter threshold 0.02

p Cooperativity (ultrasensitivity) of promoter 2.0

ε Strength of ligand-receptor inhibition in cis 1.0

τ Time delay for ligand production 0.30a

γ Decay rate of reporter relative to ligand 0.1

m Sensitivity of synNotch signaling to density 1.0

r_int Maximum distance for cell-cell contacts 3 cell diametersb

v_thresh Ligand production rate threshold for phase
calculation

0.5

aExpressed in dimensionless time-units; corresponds to 0.43 times the generation time of the
cell line.
br_int = 1 was used for whole-well simulations.
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comparison with the propagation data in Figs. 3 and 4. The effect of
growth dynamics on signaling was simulated by updating the density
at each time-point according to the parameterized logistic growth
equation.

Classification of propagation dynamics into phases. For classifica-
tion, signaling dynamics at early and late time points are used. Para-
meter sets are labeled “attenuated” if the initial signal production rate

vinit =maxi
dsiðt = τÞ

dt (where i indexes transceiver cells) is below a chosen
threshold vthresh =0:25 (Supplementary Fig. 15B). If the initial produc-
tion rate is above this value, they were labeled “limited” if all Trans-
ceivers become inactivated by the end of the time-course and
“unlimited” otherwise. As above, a transceiver i was considered acti-
vated based on the amount of expressed ligand (si>k; see Table 1).

Each of the three behavioral phases corresponds to a discrete
region of the phase diagram. In the dark blue region of Fig. 5A,
Transceiver activation persists throughout the time-course and pro-
pagation is unlimited. In the blue region of limited propagation, the
wave of activation initiates but becomes fully attenuated at somepoint
during the time-course. In this regime, Transceiver activation is limited
in time and space, and the maximum area achieved during the time-
course depends on both (Fig. 5B). Finally, in the gray region, no acti-
vation occurs and signaling has been fully turned off above a critical
density ρhigh

c =3:3 that does not depend on other growth parameters
(Supplementary Fig. 12; see “Methods” for details of calculation).
Therefore, these phases represent different collective signaling
dynamics (Fig. 4C and Supplementary Movie 8). Furthermore, the
monotonic nature of the logistic equation (plotted in Fig. 4D) helps
explain the three observed phases as outcomes of three types of
growth curves: density stays belowρhigh

c, density crosses ρ
high

c during
the time-course, ordensity stays aboveρhigh

c (Fig. 5E). In particular, the
attenuated propagation phenotype can be accessed above a specific
initial cell density, regardless of proliferation; for the other 2 pheno-
types where propagation is observed, whether the systems displays a
limiting behavior or propagates in an unlimited fashion can be con-
trolled via controlling proliferation even for cells plated at the same
initial density. Note that a similar critical density ρlow

c =0:30 deter-
mines the density at which signaling turns on.

Measuring signaling in different growth regimes. Whole-well pro-
pagation assays were simulated by randomly seeding a 150 × 150 hex-
agonal lattice with senders and transceivers in a 1:100 ratio (n = 10
replicates) and numerically integrating over 7 days of simulation time.
Density dynamics were updated using the fitted population growth
parameters, and a shorter cell-cell contact distance was used.

Dynamical equations for receiver and transceiver signaling. Fol-
lowing a procedure of dynamical modeling and dimensional analysis
(see Supplementary Text), we model the dynamical response of a
Transceiver cell using a system of delay differential equations:

dsi
dt

= αf ðt � τÞ � si ð2Þ

dri
dt

= αf ðt � τÞ � γri ð3Þ

Here, si and ri denote the amounts of ligand (“signal”) and reporter,
respectively, present in cell i. Themaximum protein production rate α
is equal for both species after non-dimensionalization. The parameter
γ represents the reporter’s degradation rate as a fraction of the ligand’s
degradation rate, and τ represents the time delay between activation
and expression, during which proteins are being manufactured and
trafficked. Production rates for both species depend non-linearly on Ii,
the total amount of ligand sensed by the cell, based on a Hill-like

function.

f =
ðβ IiÞp

kp + ðβ IiÞp + ðε siÞp
ð4Þ

Here, k and p are the threshold and Hill coefficient (ultrasensitivity) of
activation. A Hill-like activation function was chosen to represent a
cooperative transcription factor assembly, such as the dimerization of
tTA-VP16. Given a cell i and its neighbors j 2�i½, the total amount of
input ligand is Ii =

P
jwijsj , whereW = ðwijÞ is a weighted matrix of cell-

cell contacts, described in the next section. Meanwhile, ϵ and β
represent different mechanisms of inhibition. Notch family receptors
are known to be inhibited by ligand proteins expressed in cis (on the
same membrane), and the strength of this interaction is represented
by the dimensionless parameter ϵ. We find that activation depends on
the cell density, with the most efficient activation occurring at ~100%
confluence (ρ = 1). Tomodel the decay in signaling sensitivity at higher
and lower densities, we introduce a density sensitivity factor:

βðρÞ= e�m ρ�1ð Þ, ifρ ≥ 1

e�m ρ�1�1ð Þ, if0<ρ< 1

" #
ð5Þ

Note that βð1Þ= 1, and at densities lower or higher than ρ= 1, β
decays at a rate m in a log-symmetric fashion (i.e., βð2Þ=β 1

2

� �
= e�m).

Table 1 shows the parameter values used for all simulations.
When ρ= 1,β= 1, and at lower or higher densities, β decays to zero

in a log-symmetric fashion (i.e., doubling the density has the same
effect as halving it). Table 1 shows the parameter values used for all
simulations. ρ= 1,β= 1, and at lower or higher densities, β decays to
zero in a log-symmetric fashion (i.e., doubling the density has the same
effect as halving it). Table 1 shows the parameter values used for all
simulations.

The cell-cell contact matrix. The matrix W = ðwijÞ represents the
extent of cell-cell contact between the signal-sending cell j and
signal-receiving cell i. This matrix is used tomap the amount of signal
presented to each cell as a function of the amount expressed by each
other cell. Accordingly,W encodes the signal-sending “flux” between
each cell and thus conserves mass. Because of this property, W is a
Markov matrix (

P
jwij = 18i), and thus the signaling input to a cell

Ii =
P

jwijsj is a weighted mean of the ligand expressed by its neigh-
bors. Weights were calculated by evaluating a Gaussian kernel cen-
tered on cell i at each neighbor j, truncating the kernel at a maximum
contact radius rint, and normalizing to satisfy the Markov constraint.
Supplementary Fig. 5A shows an example of these calculated
weights.

Integration of delay differential equations. Equations were inte-
grated over time using a forward-Euler integration scheme with fixed
time-step of dt =0:002 � 4:7min. Time delays were represented as an
integer number of time-steps and resolved using the method of steps
for delay differential equations, with all chemical species set to zero
expression at time t <0. Starting at time t =0, sender cell expression of
signaling ligand is set to Ssenderðt ≥0Þ= 1:0. Simulations, as well as data
analysis and plotting, were performed using a custom Python library
(see “Code availability”).

Cell density and length-scale in the model. In our model, we define
the area of each hexagonal cell to be equal to the average area at the
given density. For instance, at a density of 1250 cells/mm2 the cell area
is 1250−1 mm2 = 800 µm2. The side length of a hexagon is then calcu-
lated from the area and used to infer linear distances on the plane of
the lattice (propagation distances, scale bars, etc.). To circumvent
computational complexity associated with re-meshing after each cell
division, density changes aremodeled by re-scaling cell sizes using the
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area relationship above, preserving the structure of the lattice. This
choice may under-estimate propagation velocity due to the contribu-
tion of cell division to signal diffusion.

Alignment of in vitro and in silico time-scales. In our chemical
reaction system, the time-scale of reaction kinetics is set by the
degradation rate constant of the ligand species γs. In practice, this rate
is difficult to measure directly. Instead, we relate this time-scale to the
observed in vitro system by assuming that ligand degradation and
dilution occurs at a constant rate across all conditions and that this
rate can be approximated by g, the intrinsic growth rate of the wild-
type cell line. For example, we assume that during the exponential
phase of growth ligand decay is primarily due to dilution by growth
and division rather than by active proteasomal degradation. Thus, we
were able to relate the time units of the computational and in vitro
systems.

Simulation of GFP at steady-state. Steady-state concentrations of
GFP (½GFP�SS) in transceivers were measured by simulation of senders
and transceivers randomly seeded on a 40 × 40 hexagonal lattice in a
1:100 ratio (n = 5 replicates). Cell lattices were simulated for 8 days at
1000 different densities ranging from ρ= 10�3 to ρ = 101, with no
population growth (constant density). At thefinal time-point, themean
concentration of GFP in transceiver cells was used as an estimate
for ½GFP�SS.

Identification of critical densities. The critical densities ρc
low and

ρc
high were calculated by simulating the steady-state ligand con-

centration in transceivers at different (constant) densities (see above
section “Simulation of GFP at steady-state”). At both ends, the critical
density is the density at which steady-state ligand expression crosses
the promoter threshold k.

Statistics and reproducibility
All experiments were replicated at least twice to assess reproducibility,
independently from the number of technical replicates in those
experiments.

FACS experiments violin plots were generated from at least 4000
cells from a single technical replicate. Each experimental mean from
FACS data was generated from at least 4000 cells from a single tech-
nical replicate. Each experimental mean from cell counting and image
analysis data was generated from at least two technical replicates.

Statistical comparisons pertaining to single cell data from FACS
experiments in Fig. 1 were performed with the log-likelihood ratio
(LLR) method. Statistical comparisons in Fig. 3H were assessed with a
two-sided Mann–Whitney–Wilcoxon test.

No statistical method was used to predetermine sample size. No
data were excluded from the analyses. The experiments were not
randomized. The Investigators were not blinded to allocation during
experiments and outcomes assessment.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
A partial dataset for computational simulations is available at the fol-
lowing URL: https://data.caltech.edu/records/q8n10-tsk03. Source
data are provided with this paper. And are also available at this
link https://doi.org/10.6084/m9.figshare.26932366.

Code availability
Code used to perform mathematical simulations, parameter fitting,
and statistical tests is available at https://doi.org/10.5281/zenodo.
11560530.
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