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Abstract

The mutual interactions between the synthetic gene circuits and the host growth could
cause unexpected outcomes in the dynamical behaviors of the circuits. However, how the
steady states and the stabilities of the gene circuits are affected by host cell growth is not
fully understood. Here, we developed a mathematical model for nonlinear growth feedback
based on published experimental data. The model analysis predicts that growth feedback
could significantly change the qualitative states of the system. Bistability could emerge in a
circuit without positive feedback, and high-order multistability (three or more steady states)
arises in the self-activation and toggle switch circuits. Our results provide insight into the
potential effects of ultrasensitive growth feedback on the emergence of qualitative states in
synthetic circuits and the corresponding underlying mechanism.
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Author summary

The mutual inhibitory effect between synthetic gene circuits and cell growth produces
growth feedback in the host-circuit system. Previous studies have demonstrated that the
growth feedback could significantly impact the dynamics of the host-circuit system. How-
ever, the complexity of the growth feedback impact is not fully understood. Here, our data
analysis displays ultrasensitive growth feedback between the cells and synthetic gene cir-
cuits under different growth conditions. To study the effect of ultrasensitive growth feed-
back on the host-circuit system, we develop a mathematical modeling framework. Our
results reveal the emergence of qualitative states on the host-circuit system induced by
ultrasensitive growth feedback. We found an emergence of bistability in a simple synthetic
gene circuit with a constitutive promoter. Also, tristability could be seen in self-activation
and toggle switch circuits. Our research uncovered the effect of ultrasensitive growth feed-
back in synthetic gene circuits and host interactions. Understanding the effects of ultra-
sensitive growth feedback could help scientists and engineers identify unexpected
outcomes in gene circuits and formulate control strategies.
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Introduction

Synthetic gene circuits are constructed to perform various functions in their host cells, includ-
ing bacteria, yeast, and mammalian cells [1-5]. The circuit functions heavily depend on the
precisely orchestrated dynamical expression of involved exogenous genes. A lot of efforts were
used to optimize circuit design and tune the circuit parameters to make them work properly
with an assumption that their function is isolated from the host cells [6-8]. However, even
when the exogenous circuit does not directly interact with the host cells’ central metabolic
pathways, the expression of additional exogenous genes consumes significant levels of cellular
resources such as available RNA polymerases and ribosomes that would otherwise be reserved
for other cellular functions [9-15]. Thus, the expression of gene circuits inevitably imposes a
particular burden on the host cell, changes the physiological state, and reduces the growth
rates. In addition, given that host cell growth has a global effect on both endogenous and syn-
thetic genetic circuits [14,16-19], growth feedback universally exists between the host cell
physiology and gene circuits and creates a significant amount of uncertainty in predicting cir-
cuits’ behavior under real-life cells.

The growth feedback has diverse impacts on the gene circuits [18,20-25]. Under some cir-
cumstances, growth feedback can be exploited. For example, Tan et al. showed that a mono-
stable circuit design with non-cooperative self-activation was found to be bistable
experimentally, which is driven by growth feedback [20]. On the other hand, growth feedback
could impair the circuit functions. Zhang et al. found that the qualitative state of the self-acti-
vation circuit could be lost due to the fast dilution of the gene expression by host cell growth
[21]. However, in comparison with the self-activation switch, the toggle switch is more robust
to growth-mediated dilution. That is, the effects of the growth feedback depend on the gene
circuit topologies. Interestingly, Melendez-Alvarez et al. reported unexpected damped oscil-
latory dynamics of the self-activation circuit by modulating growth feedback with nutrient
level [22]. These studies demonstrate how the host growth and circuit interaction can lead to
unexpected outcomes depending on the cell condition and gene circuit topologies. However,
the influence of growth feedback on gene circuits is not fully understood.

Here, we focused on studying the mechanism of the steady states and the stability changes
by nonlinear growth feedback. First, we developed a modeling framework using ordinary dif-
ferential equations to describe the dynamics of exogenous gene circuits by including growth
inhibition and growth-mediated dilution. In addition, a Hill function was used to describe the
metabolic burden caused by the exogenous gene expression on growth rate. Parameter estima-
tion based on published experimental data reveals a value of Hill coefficient greater than one,
indicating ultrasensitive growth feedback with a high metabolic burden sensitivity. Then, we
analyze the mathematical models for several systems to understand the implication of ultrasen-
sitive growth feedback. The analysis suggests that a simple circuit with the constitutive pro-
moter could be bistable with ultrasensitive growth feedback. Further modeling analysis shows
that more than two stable steady-states could be seen in self-activation and toggle switch
circuits.

Results

General modeling framework for synthetic gene circuit with ultrasensitive
growth feedback
Exogenous gene expression causes a metabolic burden to the host cell—leading to a reduced

cell growth rate, which in turn affects the gene expression through a dilution effect. These
mutual inhibitions create a double-negative feedback loop in the host-circuit system (Fig 1A).
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Fig 1. Ultrasensitive cell growth feedback could confer bistability in a simple synthetic gene circuit with a constitutive promoter. (A) Diagram of the mutual
inhibition between the host cell growth and synthetic gene expression. (B) Model fitting (solid lines) to experimental data (circle) of the relation between growth rate and
exogenous gene expression from different media conditions [14]. (C) Rate balance plot shows the emergence of bistability (top) based on the curves of degradation plus
dilution rate versus gene expression (d(x)) with various m values (heatmap) and the curve of production versus gene expression f(x) = kg, (horizontal black dashed line).
Dash-dotted black line shows the degradation rate (dy*x) curve, and the dotted black line shows the degradation plus max dilution rate (dy*x+kgy*x). Solid and open
circles represent stable and unstable steady states, respectively. The black arrows on the x-axis denote the directional field. Vertical dotted lines between the top and
bottom panels represent the x values at the stable states. The corresponding growth rate curves versus gene expression are shown at the bottom. (D) Bifurcation diagram of
the gene expression x with respect to kgy. Solid and dashed lines represent stable and unstable steady states with m = 2, respectively. (E) Two-parameter bifurcation
diagram with respect to m and kgo. SN1 (blue line) and SN2 (orange line) are the saddle-node bifurcation points shown in (D). The enclosed green region between the
saddle nodes represents the bistability. The black dashed line corresponds to the case shown in (D) with m = 2.
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To understand the impacts of growth feedback on the synthetic gene circuits, we followed our
previous work model construction [21] and used the following general ordinary differential
equations (ODEs) model to describe the dynamics of the gene expression in one gene circuit.

To understand the consequence of this growth feedback on the host-circuit system, we
developed a simple mathematical modeling framework,

Degradation

dxi —
=filx) — dy; * x; — GR(x) * x;,
dt ’ ——

Dilution

where the f(x) represents the gene production rate, which could depend on the exogenous
gene expression level (x) based on the regulations in the circuits, the d, is the degradation rate
constant of the circuit product x;, and the last term GR(x)=x represents the dilution rate medi-
ated by host cell growth. It is noted that the growth rate GR(x) is a function of gene expression
level x, given that the expression of the synthetic gene circuit causes a metabolic burden that
slows down the host cell growth. Previously, GR(x) was formulated in a Michaelis-Menten for-
mat to represent the growth of the cell under a metabolic burden [20,21]. Here, for generality,
we use a Hill function:

kg,

R = 1
where kg, is the maximal growth rate of the host cell without the exogenous genes, J indicates
the expression capacity for the exogenous gene expression that determines the threshold above
which significant metabolic burden is induced. For simplicity, it was also assumed that the
metabolic burden caused by exogenous gene expression affects only the growth rate. This
framework is suitable for analyzing the system’s steady state in the exponential growth phase.
The Hill coefficient indicates the sensitivity of metabolic burden. To quantify the sensitivity of
metabolic burden, we used the Hill function to fit experimental data obtained from Ref [14].
The data shows the dependence of the growth rate on exogenous gene expression levels for
cells in the exponential growth phase under three different growth conditions (Fig 1B). Inter-
estingly, the fitted sensitivity of metabolic burden is greater than one for all the media condi-
tions (Fig 1B), suggesting ultrasensitive growth feedback. However, how the sensitivity of the
growth feedback affects synthetic gene circuits’ functions is still less understood.

The emergence of bistability in a simple synthetic gene circuit with a
constitutive promoter

To understand the implication of the ultrasensitive growth feedback to the host-circuit system,
we first analyzed a simple circuit with a constitutive promoter. For this system, the production
rate is expected to be constant and independent of x, that is f{x) = ko. Applying the general
modeling framework gives the following model for this simple system,

Z—::ko — (d, * x + GR(x) * x)
d(x)
kg,
GR(x) = —————
W=
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First, we performed a rate balance analysis by plotting the production rate (k) and dilution
plus degradation rate (d(x)) curves together (Fig 1C). The production rate is a constant ko,
indicated as a horizontal curve (Fig 1C, black dashed line). Under the condition without cell
growth, d(x) is a linear curve (Fig 1C, black dash-dotted line). One stable steady state with
high-level gene expression (Fig 1C, right solid circle) is found at the intersection point with
the production curve. When the growth rate is considered but independent of gene expression,
the d(x) curve is also linear but with a much greater slope (Fig 1C, black dotted line). One sta-
ble steady-state with low-level gene expression (Fig 1C, left solid circle) is found instead. How-
ever, when the growth rate depends on the gene expression level, the d(x) curve is nonlinear
and constrained within two dotted and dash-dotted lines (Fig 1C). It is worthy to note that the
shape of d(x) curve depends on the values of m. Fig 1C shows the d(x) curve (top) and growth
rate (bottom) for a range of values of m. For m>1, the d(x) curve can exhibit local maximum
and minimum, which allow the system to have three steady states at three intersections of the
ko and d(x) curves. Two of them (solid circles) are stable, representing the ON state with a high
expression but low growth rate and the OFF state with low expression and high growth rate,
and the other is unstable (open circle), representing the threshold that separates the two stable
states. Intuitively, if circuit gene expression is not above the threshold, the caused burden is
not significantly high, thus the cell growth rate is not attenuated much and still leads to a sig-
nificant dilution that further leads to a decrease of the circuit gene expression and the burden.
Under this condition, we can expect that the system stabilizes in one state in which the cell
grows fast while circuit gene expression is low. On the other hand, if the burden caused by the
circuit is very high, the growth rate is reduced significantly, so the dilution efforts will be sig-
nificantly reduced, which leads to a further increase in gene expression and metabolic burden.
Under this condition, we expect that the system stabilizes in a state in which the cell grows
very slow and circuit gene expression is high. This intuitive explanation is indicated by the
direction arrows (Fig 1C). Therefore, a simple circuit with a constitutive promoter could be
bistable with ultrasensitive growth feedback.

One condition for the emergent bistability is that the d(x) curve is nonmonotonic with both
local maximum (d(x,,,,,)) and minimum (d(x,,,;,,)). Once the d(x) curve is nonmonotonic, we
also need the production rate in the range d(x,,,;,,) <ko<d(x,,.4,) so that the three intersection

points could be found (See Note A in S1 Text). Given that d(x) = ( b dO) * x, three

L+(x/1)™

parameters, kg, J, and m can change the shape of d(x) curve. We perturbed these parameters
further to understand the underlying mechanism and conditions of emergent bistability. SIA
Fig shows the difference between the maximum and minimum of d(x) (Ad = d(x,,0x) (X in))
in the space of kg, and m, where bistability could be found in the upper-right corner. It is
noted that increasing kg, and m increase Ad, and thus enhance the range of k, for the system
to be bistable. That is, an increase of kgy or m is beneficial for bistability emergence. The bist-
ability could be lost if kg, is reduced (S1B Fig, blue to orange curve), and regained with an
increase of m (yellow curve), and the bistable range could be increased with an increase of kg,
(purple curve) or further increased with an increase of both kg, and m (green curve). The

boundary curve is ';L; > (7"4_—";)2 (See Note A in S1 Text for detail). Interestingly, this condition is

independent of parameter J. Hence, our analysis suggests that a system with relatively high val-
ues of m and kg, sets up the conditions for one steady-state emergence.

To further demonstrate the emergence of bistability in the system due to the growth feed-
back, we performed a one-parameter bifurcation analysis with respect to kg, (Fig 1D). Notice
that the system is monostable for small and high values of kg, corresponding to high and low
gene expression states, respectively. While for moderate values of kg, the system becomes bis-
table. For fixed kg in this range, the system shows bistable in a broad range of ko, as shown in
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the one-parameter bifurcation diagram (S1C Fig). Saddle node points SN1, and SN2 (Figs 1D
and S1C) set the lower and higher values of kg, or k, for bistability. We further performed a
two-parameter bifurcation analysis with respect to kg and m, which discloses the change in the
kgo values of the saddle nodes with respect to the m value (Fig 1E). The two saddle-node get
closer for decreasing values of m. The merge of the saddle nodes implies the loss of bistability.
Notice that the system can display bistability for values on m between 1 and 2. This is also true
in the two-parameter bifurcation analysis with respect to ko and m (S1D Fig). Remarkably, our
analysis suggests that an emergence of a steady-state could occur with m values estimated with
experimental data. Therefore, bistability emerges with ultrasensitive growth feedback.

Tristability emergence in the self-activation switch under ultrasensitive
growth feedback

We further extend the above analysis to a general self-activation gene circuit (Fig 2A). Apply-
ing the general modeling framework to a self-activation circuit gives the following model,

dx x"
E:k0+kl*m—do*x7GR(x)*x;
kg,
GR(x) = —=7—>
W=+

Here, the production rate is modeled with f(x) = k, + k, * 57, where kq is the basal pro-
duction rate, k; the maximum production rate, K the dissociation constant, and # the hill coef-
ficient. For a cooperative self-activation circuit, the f{(x) is ultrasensitive as a function of x,
shown as a sigmoid curve in Fig 2B (black curve, n = 2).

With a strong self-activation, the system could be bistable without considering the meta-
bolic burden. Three steady-states can be found at the intersections between the production
curve and the degradation curve. However, when the metabolic burden is considered, the deg-
radation d(x) curve bends down and could intersect the function f(x) curve up to five times
(Fig 2B, m = 2). Thus, the system can have five steady-states; three are stable, and two are
unstable. The three stable steady-states are low gene expression (OFF-state) with a high growth
rate, moderate gene expression (ON-state) with a slightly reduced growth rate, and high gene
expression (super ON-state) with a low growth rate and dilution rate (Fig 2B). Hence, a bis-
table system from a cooperative self-activation circuit becomes tristable under high-order
growth feedback.

The bifurcation diagram shows the steady-state values of the gene expression (x,) and
growth rate (GR) as a function of the maximum growth rate kg, (Fig 2C-2D). It is noted that
four saddle-node points (SN1~4) were found, indicating the emergence of more stable qualita-
tive states in the system. The three stable states are shown as solid branches. The first switch
(indicated by SN1 and SN2) shows a similar growth rate (GR) but a considerable difference in
gene expression (x) (Fig 2C-2D), which results from the positive feedback loop of the SA gene
circuit. The second switch (indicated by SN3 and SN4) displays a significant difference in
growth rate and gene expression produced by the growth feedback loop. For kg, values lower
than the smallest SN point (SN1 solid blue circle) or higher than the largest SN point (SN4,
solid purple circle), the system is monostable with a high expressed gene and a low growth rate
or a low expression gene expression and a high growth rate, respectively. Between the two left
SN points (SN1<kgy<SN3) or two right SN points (SN2<kgy<SN4), the system is bistable
with two of the three states. Interesting, the coexistence of all the three states (i.e., tristability)
is found between two middle SN points (SN3<kgy<SN4).
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Fig 2. Tristability Emergence in the self-activation switch under ultrasensitive growth feedback. (A) Mutual inhibition interaction between growth rate and self-
activation circuit. (B) The rate balance plot shows the emergence of tristability (top) based on the production rate curve (f(x), black line) and degradation plus dilution rate
d(x) (red line, top) versus gene expression x. Solid and open circles represent stable and unstable steady states. The black arrows denote the directional field. The
corresponding growth rate (black line) and dilution rate (red line) curves are shown in the bottom panel. Vertical dotted lines between the top and bottom panels
represent the x values at stable steady state. (C) Bifurcation diagram of the gene expression x with respect to kgo. Solid and dashed lines correspond to the stable and
unstable steady states. (D) Bifurcation diagram of growth rate with respect to kgo. The solid circles in C-D mark Saddle-Nodes SN1~4. (E) Two-parameters bifurcation
diagram with respect to m and kg, shows the dependence of the Saddle-Nodes SN1 (blue line), SN2 (orange line), SN3 (yellow line), and SN4 (purple line) on m. The
region encloses between SN1 and SN2 corresponds to the bistability from the self-activation circuit. The region between SN3 and SN4 represents the bistability from
ultrasensitive growth feedback. The overlap region of the two bistable regions gives tristability.

https://doi.org/10.1371/journal.pcbi.1010518.9002

We further performed a two-parameter bifurcation analysis with respect to kg, and m. Fig
2E illustrates the positions of the saddle-node points with respect to kg, by varying the m. The
m—kgo space is divided into five regions. The white region represents the system in the mono-
stable OFF state for low values of kgy, or monostable ON state for low values of m and high val-
ues of kg, respectively. In the red region, the system is bistable, which results from the gene
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circuit, while in the green region, the system is bistable but from growth feedback. The over-
lapped region with both red and green is tristable. It is worthy to note that the tristability area
decreases as the SN3 (yellow line) and SN4 (purple line) get closer until merging with decreas-
ing values of m, similar to the system with a constitutive promoter (Fig 1E). Therefore, reduc-
ing the values of m makes the system lose one switch mediated by growth feedback.
Contrastingly, SN1 (blue line) and SN2 (orange line) exist for all values of m between 1 and 2.
These results suggest that the bistability enclosed of SN3 and SN4 is determined by the high-
order growth feedback (Fig 2E green region), and the bistability marked by SN1 and SN2 is
governed by the cooperative self-activation circuit (Fig 2E red region). In summary, the under-
lying mechanism of tristability lies in the coupled cooperative self-activation feedback in the
circuit and the growth feedback between the circuit and the host cell.

Tristability emergence or enhancement of bistability depends on the
synergism between the circuit feedback and growth feedback

To further understand the synergy between the circuit feedback and growth feedback on cir-
cuit dynamics, we performed a bifurcation analysis with varying parameter values in the self-
activation circuits. We choose two key parameters that affect the self-activation circuit’s bist-
ability capacity, the hills coefficient n representing the sensitivity of the circuit feedback, and K
representing the threshold of the self-activation.

Fig 3 shows the two-parameters bifurcation with respect to kg, and m, for different values of n
and K. It is noted that with K fixed at 0.1, decreasing the value of n shifts the SN1 and SN2 curves
right until they disappear at # = 1 where the system loses the circuit bistability (first rows in Fig 3
and first/second rows in S2 Fig). In contrast, the SN3 and SN4 curves do not move with changes
in n values indicating that the growth bistability is unaffected. On the other hand, with fixed n at 2
and K at 0.1, varying m value does not change SN1 and SN2 curves significantly but could collapse
SN3 and SN4, leading to the loss of growth bistability (first two panels in the first row of Fig 3,
and first/second columns in S2 Fig). This analysis reveals that the two switches are independently
regulated by changing the circuit sensitivity and growth feedback sensitivity.

However, the interdependence between circuit and growth bistability differed with varying
Kvalues. SN3 and SN2 were lost with an increase of K values, representing the loss of the mid-
dle branch, which belongs to both circuit and growth switches (Fig 3 first/second columns, S3
Fig first/second rows). That is, the system loses tristability, but the two feedback are now syn-
ergistic to make the system bistable. Decrease of m shrinks the bistable range of this synergetic
switch (second/third rows in Fig 3, second/third columns in S3 Fig). Thus, growth feedback
could enhance the robustness of the circuit bistability in the region where tristability was lost.
Taken together, the emergence of the tristability or enhancement of bistability depends on the
synergism between the circuit feedback and growth feedback.

Tristability appears in the synthetic toggle switch circuit under
ultrasensitive growth feedback

Our previous work showed how circuits interact with growth feedback depending on their net-
work topologies [21,22]. Here, we study how the qualitative state of the toggle switch circuit is
affected under the ultrasensitive growth feedback. The toggle switch circuit consists of mutual
inhibition of two genes, represented by x; and x, (Fig 4A). Applying the general modeling
framework to a toggle switch circuit, we built the following model,

ny
1

dx,
. = i |
x21 _|_K11

dt kn,1 +k, *

—dy, *x, — GR(x,, x,) * x;;
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dx. Ky
‘T; = koo + k5 WZI(;Z —dyy *x, — GR(x|, Xy) * X5
k
GR(x,,x,) = &

X+ m )
(22)" +1

where ko ; is the basal expression rate for gene-i, k; ; is the maximum inducible expression rate
of gene-i, K; is the concentration of its repressor producing half inhibition of the inducable
expression rate of gene-i, n; is the repression sensitivity of gene-i.

Fig 4B shows the nullclines (blue and red curve) and direction field (black arrows) for the
toggle switch under ultrasensitive growth feedback (m = 2). Each intersection between the
nullcline represents a steady-state (circles). Notice that there are five steady states, of which
three are stable (solid circle), and two are unstable (non-solid circle). The stable steady states
are (x| xLo") or (xto*, xi"") with a low growth rate and (x!*, x{*) with a high growth rate.
Hence, tristability could also appear in a toggle switch circuit under ultrasensitive growth
feedback.
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Fig 4. Tristability appears in the synthetic toggle switch circuit under the ultrasensitive growth feedback. (A) Diagram of interaction between the toggle switch circuit
and growth rate. (B) Nullcline analysis shows the emergence of tristability. Red and blue lines represent the nullcline (dx,/dt = 0, dx,/dt = 0) for x; and x,, respectively.
Solid and open circles represent stable and unstable steady states. Black arrows represent the directional field of the system. (C) The bifurcation diagram of x; with respect
to kgo. Solid and dashed lines correspond to stable and unstable steady state points. Solid circles denote the saddle-nodes (blue and orange for SN1-2, respectively) and
pitchfork bifurcation point (yellow for PF). (D) Two-parameter bifurcation diagram with respect to m and kg, shows the dependence of the saddle-nodes (SN1-2) and
pitchfork bifurcation point (PF) on m. SN1 (blue line) and SN2 (orange line) correspond to the saddle-node bifurcation points. Yellow line represents the PF point. The
left red region of the blue (SN1) and orange (SN2) lines represents the bistability of the toggle switch circuit. The green region enclosed between the orange lines
corresponds to the system bistability due to the growth feedback. Tristability is found where both bistable regions intersect.

https://doi.org/10.1371/journal.pcbi.1010518.9004

Fig 4C shows the bifurcation diagram with respect to the kg, (m = 2), where solid and dash
lines symbolize a stable and unstable point, respectively. Our analysis reveals the existence of
three bifurcations points (solid circle Fig 4C), two saddle-node (SN) points, and one pitchfork
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bifurcation (PF) point. For low values of kg, (<SN1), the system shows the native bistability,
which results from the double-negative feedback in the circuit. However, increasing of kgo
value enhances the dilution of circuit gene expression and weakens the feedback strength of
the circuit. The native bistability from the circuit disappears at the PF point, above which the
two stable states merge into one state with two genes coexpressed at moderate levels. SN1 and
SN2 mark the switch that results from the growth feedback, similar to the constitutively
expressing circuit (Fig 1D) and the self-activation circuit (Fig 2C). Notice that the tristability
occurs for values of kg, between SN1 and PF.

We performed additional bifurcation analysis with various combinations of Hill coefficients
in the toggle switch and growth feedback. As shown in S4 Fig, we found that increasing the
value of the metabolic sensitivity () not only gives a larger bistable range for the toggle switch
but also enhances the chances of tristability. With m = 1, we only have a narrow range of kg,
for the system to be bistable and no tristability, but the increase of m to 3 significantly increases
the bistable range and shows the emerged tristability. On the other hand, with an increase of
the Hill coefficient for toggle switch (1) value, both the bistable and tristability ranges increase.
Fig 4D shows the two-parameter bifurcation with respect to kg and m, which reveals that the
saddle nodes merge for decreasing value of m, consistent with the constitutively expressing cir-
cuit (Fig 1E) and the self-activation circuit (Fig 2E). On the other hand, the kg, value corre-
sponding to the PF point increases with m, resulting in an increased bistable region and the
emergence of a tristability region in the top-right corner. Thus, our analysis suggests that trist-
ability could result from a synergy between the growth feedback and the toggle switch.

The existence of pitchfork bifurcation requires a perfectly symmetric parameter setting. An
asymmetric parameter setting with k; ; # k; , indeed makes the pitchfork bifurcation disap-
pears. However, another saddle-node bifurcation (SN3) emerges, and tristability can also be
seen for a range of kg (S5A Fig). The bifurcation diagram in terms of the production rate of
gene x; (k1) (S5B Fig) shows a stepwise ternary switch, which also confirms the existence of
tristability with k; ; values different from k; ,. Hence, the emergent tristability does not require
a symmetrical parameter setting.

We further tuned the circuit parameters to see whether there is a topology dependence
effect under ultrasensitive growth feedback. We found that with lower mutual inhibition
thresholds (K; and K, values), the system could have four stable steady states, which is different
from the case of self-activation. Fig 5A shows the nullclines and directed field of this scenario,
where seven steady states were found, four of which are stable, and three are unstable. While
three of the stable states are the same as in the case of tristability (Fig 4A), one additional state
with moderate coexpression of both genes emerges. That is, the toggle switch circuit could
show quadstability under ultrasensitive growth feedback. Furthermore, we performed a one-
parameter bifurcation with respect to kg, to determine the mechanism of quadstability (Fig
5B). Our analysis reveals the existence of two additional saddle nodes (SN3 and SN4), which
squeeze the coexpressing state within the original tristable region. Therefore, a toggle switch
circuit with a relatively strong mutual inhibition could be quadstable under ultrasensitive
growth feedback.

Discussion

Our results suggest that the growth feedback could alter the number of qualitative steady states
in a host-circuit system. Additional qualitative states could be found on gene circuits with vari-
ous topologies, including constitutive promoter, self-activation, and toggle switch, under ultra-
sensitive growth feedback. The underlying mechanism is that the changes in gene expression
coincide with a metabolic and physiological adaptation of the host cell, which could lead to
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Fig 5. Quadstability emerged in the toggle switch circuit under ultrasensitive growth feedback. (A) Nullcline analysis shows the emergence of quadstability. Red and
blue lines represent the nullcline for x; and x,, respectively. Solid and non-solid circles correspond to stable and unstable steady states. Black arrows represent the
directional field. (B) The bifurcation diagram of x; with respect kgo. The solid circles reveal four saddle-nodes (blue, orange, purple, and green for SN1~4) and pitchfork

(yellow, PF) bifurcation points.
https://doi.org/10.1371/journal.pchi.1010518.g005

some cells expressing a high level of an extrageneous gene with a slow growth rate and some
cells expressing lower levels with a fast growth rate. The emergence of qualitative states also
lies in the coordinated coupling of growth feedback and circuit feedback as well as circuit
topology. While the self-activation circuit could be tristable with one additional state, the tog-
gle switch circuit could be tristable or quadstable with two additional states. Recently, Ye et al.
showed that quadstability could be achieved by coupling three feedback loops in the system
[26]. Our study provides another possibility where quadstability could emerge with two ultra-
sensitive positive feedback loops.

Here, we investigate the mechanism of the potential emergence of the qualitative state in
synthetic gene circuits due to growth feedback. However, we do not fully understand the
underlying molecular mechanism. The values of m could be related to many factors, including
nutrient quality, host strain, gene characteristics, and the molecular regulation of the metabolic
control in the host cell. The molecular and cellular organization of the host system for meta-
bolic regulation, such as the growth regulation by ppGpp, could be one of the essential mecha-
nisms. Future experiments would be needed to understand the mechanism that defines the
nonlinear growth rate and gene expression relation and the dependence of the metabolic bur-
den sensitivity and related physiological characteristics on the nutrient level in the culture
media and bacterial strain types. This will inform us of the strategies for engineering the host
cells for tunable ultrasensitivity and exploiting these additional qualitative states for generating
novel dynamics and functions. To experimentally observe these states, we need to keep the
growth heterogeneity among the cell populations in mind as slow-growing cells are outgrown
by the fast-growing ones [24,25]. Thus, it is necessary to investigate this at the single-cell level
using the ‘Mother Machine’ [27-29], in which the new daughter cell flows out so that the slow-
growing population can be best reserved.

For simplicity, here we did not consider the effect of growth rate on the production rate of
the synthetic gene. The growth rate has global effects on gene expression, especially the
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transcription rate [16,18]. In addition, the dependence of one specific gene on growth rate
could depend on how it is regulated. For example, if it is nutrient-modulated, which leads to
negative regulation, or if it is translation-modulated, which leads to positive regulation [18].
Recently, we used a coarse-grained model to understand the mechanism of emergent damped
oscillation induced by nutrient-modulating growth feedback [22]. Data fitting and theoretical
analysis suggest a nonmonotonic growth-rate regulation of gene production rate [22]. This
gene or circuit-specific effects still need to be determined experimentally. The dilution effect
mediated by host cell growth is more general to be considered here. Future works need to
examine the circumstances under which the exogenous gene production is influenced by the
growth rate. The growth could have a dual role on exogenous gene expression under these
conditions and make the circuit-host system even more complicated with multiple feedback
loops mediated by host cell growth, leading to the addition or loss of states.

Here our analysis was based on the assumption of maintaining cells at the exponential
stage. Growth condition shift could also alter the steady-state of the circuit-hot system. For
example, we previously found that the self-activation circuit lost its memory after diluting the
cell into fresh media [21]. Thus, memory loss or state emergence depends on the cellular con-
text. In addition, it was reported that nutrient shift also changes the physiological state of the
host cell [13,30,31]. Thus, it will be interesting to systematically analyze the switching behavior
between these potential states upon nutrient shift, which will help understand the mechanism
of switch reversibility. Here we focused on the gene-growth feedback in the context of syn-
thetic biology, but the natural systems also use it. For example, cell-cycle-mediated feedback
was used to control myeloid differentiation [32]. The horizontal gene transfer during evolution
could cause similar growth feedback and leads to the emergence of new states into the natural
system.

Methods
a. Model parameter values

Here we focused on the general conclusion, which does not depend on the specific parameter
setting but relies more on their relative values. The range of values for maximum growth rate
kgo is set from 0~2/h, which is obtained from published experimental data shown in Fig 1B
[14]. The key parameter for the emergence of the extra stable states depends on the parameter

condition % > (m%ﬂ (see Note A in S1 Text for more details). The half-lives of GFP variants in

E.Coli has a very broad range from 40 minutes to 26 hours, which gives us the degradation rate
constant (dy) from 0.012~0.45/h [33,34]. This gives a broad reasonable range for these parame-
ters. For demonstration, the parameter values used in the figures are as follows. For gene cir-
cuit with a constitutive promoter: ko = 0.1 a.u./h, dy = 0.0015/h, ] = 1 a.u., and kg, = 0.9/h for
Figs 1C and S1C-S1D. For gene circuit with self-activation: ko = 0.002 a.u./time, k; = 0.36 a.u./
h,K=0.1a.u.,n=2,dy=0.02/h,] =1 a.u., and kg, = 1/h for Fig 2B. For the toggle switch cir-
cuit, tristable case in Fig 4B: ko ; = 0.001 a.u./h, k;; = 0.2 a.u./h, K;=5a.u., n;=2,dy; = 0.01/h,
J=1a.u., and kg, = 0.9/h. For the quadstable case in Fig 5A: K; = 3 a.u., and kg, = 0.95/h.

b. Parameter estimation for the qualitative relation between growth rate
and exogenous gene expression

To estimate the sensitivity of metabolic burden, we used the function GR = wﬁ% to fit the

experimental data of growth rate versus exogenous gene portion quantified from Ref. [14].
Using the Curve Fitter app (https://www.mathworks.com/products/curvefitting. html) on
MATLAB R2021b, we found the corresponding value of m in three different culture mediums
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for E.coli, 1.456, 1.76, and 1.424 (See Fig 1B), respectively, indicating high-sensitive growth
feedback.

c. Bifurcation analysis

In order to study the qualitative steady-state behaviors of the system, bifurcation analysis was
performed using the software "oscill8" (http://oscill8.sourceforge.net/) and "MatCont" (https://
sourceforge.net/projects/matcont/) on MatLab R2021b [35].

Supporting information

S1 Fig. Analysis of the parameter condition for the bistability emergence in the simple
gene circuit with a constitutive promoter. (A) Parameter condition for the existence of local
maximum and minimum for degradation plus dilution rate versus gene expression (d(x)) in
the space of m and kg,. Colormap shows the difference between local maxima and local min-
ima (Ad = d(X0x)—d(X1in))). (B) The degradation plus dilution rate d(x) (solid line) over
gene expression (x) with various combinations of m and kg, as shown in A. The dotted and
dash-dotted lines represent the curves of degradation d0*x and degradation plus max dilution
(doxx+kgo*x), respectively. (C) The bifurcation diagram of gene expression with respect to k.
Solid and dash lines represent stable and unstable steady states, respectively. Solid circles mark
saddle-node bifurcation points (SN1~2). (D) Two-parameter bifurcation of gene expression
with respect to m and kgo shows the dependence of the saddle-nodes (SN1~2) on m.

(TIF)

S2 Fig. Bifurcation diagrams of the steady-state gene expression in the self-activation cir-
cuit with respect to kg, for different combinations of m and n. Solid and dashed lines corre-
spond to the stable and unstable steady states. The solid circle marks saddle-nodes (SN1~4).
(TTF)

S3 Fig. Bifurcation diagrams of the steady-state gene expression in the self-activation cir-
cuit with respect to kg, for different combinations of m and K. Solid and dashed lines corre-
spond to the stable and unstable steady states. The solid circle marks saddle-nodes (SN1~4).
(TIF)

S4 Fig. The bifurcation diagram of the steady-state gene expression in the toggle switch cir-
cuit with respect to kgy, for combination of m and n. Solid and dashed correspond to stable
and unstable steady states. The solid circles denote the saddle-nodes (SN1-2, blue/orange dots)
or pitchfork bifurcation points (PF, yellow dots).

(TIF)

S5 Fig. Bifurcation analysis for toggle switch circuit with the asymmetrical parameter set-
ting. Solid and dashed lines represent stable and unstable steady states of x;, respectively. Dots
represent the saddle-nodes (SN1~3). (A) Bifurcation diagram of x; with respect to kgo, with
ki, = 2.1. (B) Bifurcation diagram of x; with respect to k; ; with kg, = 0.8. Vertical dash-dotted
line represents the values of k; ; = ky 5.

(TIF)

S1 Text. Note A. Condition for the existence of bistability in the simple gene circuit with a
constitutive promoter. Note B. Nondimensionalizing the mathematical models.
(PDF)

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1010518  September 16, 2022 14/16


http://oscill8.sourceforge.net/
https://sourceforge.net/projects/matcont/
https://sourceforge.net/projects/matcont/
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1010518.s001
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1010518.s002
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1010518.s003
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1010518.s004
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1010518.s005
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1010518.s006
https://doi.org/10.1371/journal.pcbi.1010518

PLOS COMPUTATIONAL BIOLOGY Emergence of qualitative states in synthetic circuits

Author Contributions

Conceptualization: Juan Ramon Melendez-Alvarez, Xiao-Jun Tian.
Data curation: Juan Ramon Melendez-Alvarez, Xiao-Jun Tian.
Formal analysis: Juan Ramon Melendez-Alvarez, Xiao-Jun Tian.
Funding acquisition: Xiao-Jun Tian.

Investigation: Juan Ramon Melendez-Alvarez, Xiao-Jun Tian.
Methodology: Juan Ramon Melendez-Alvarez, Xiao-Jun Tian.
Project administration: Xiao-Jun Tian.

Resources: Xiao-Jun Tian.

Software: Xiao-Jun Tian.

Supervision: Xiao-Jun Tian.

Validation: Xiao-Jun Tian.

Visualization: Juan Ramon Melendez-Alvarez, Xiao-Jun Tian.
Writing - original draft: Juan Ramon Melendez-Alvarez, Xiao-Jun Tian.

Writing - review & editing: Juan Ramon Melendez-Alvarez, Xiao-Jun Tian.

References

1. Brophy JAN, Voigt CA. Principles of genetic circuit design. Nat Methods. 2014 May; 11(5):508—20.
https://doi.org/10.1038/nmeth.2926 PMID: 24781324

2. LuTK, Khalil AS, Collins JJ. Next-generation synthetic gene networks. Nat Biotechnol. 2009 Dec; 27
(12):1139-50. https://doi.org/10.1038/nbt. 1591 PMID: 20010597

3. Endy D. Foundations for engineering biology. Nature. 2005 Nov; 438(7067):449-53. https://doi.org/10.
1038/nature04342 PMID: 16306983

4. WallME, Hlavacek WS, Savageau MA. Design of gene circuits: lessons from bacteria. Nat Rev Genet.
2004 Jan; 5(1):34—42. https://doi.org/10.1038/nrg1244 PMID: 14708014

5. Purnick PEM, Weiss R. The second wave of synthetic biology: from modules to systems. Nat Rev Mol
Cell Biol. 2009 Jun; 10(6):410-22. https://doi.org/10.1038/nrm2698 PMID: 19461664

6. ZhangC, TsoiR, You L. Addressing biological uncertainties in engineering gene circuits. Integr Biol
Quant Biosci Nano Macro. 2016 Apr 18; 8(4):456—64. https://doi.org/10.1039/c5ib00275¢c PMID:
26674800

7. Kwok R. Five hard truths for synthetic biology. Nature. 2010 Jan 21; 463(7279):288-90. https://doi.org/
10.1038/463288a PMID: 20090726.

8. Cardinale S, Arkin AP. Contextualizing context for synthetic biology—identifying causes of failure of syn-
thetic biological systems. Biotechnol J. 2012; 7(7):856—66. https://doi.org/10.1002/biot.201200085
PMID: 22649052

9. Del Vecchio D. Modularity, context-dependence, and insulation in engineered biological circuits. Trends
Biotechnol. 2015 Feb 1; 33(2):111-9. https://doi.org/10.1016/j.tibtech.2014.11.009 PMID: 25544476

10. Liao C, Blanchard AE, Lu T. An integrative circuit-host modelling framework for predicting synthetic
gene network behaviours. Nat Microbiol. 2017 Dec; 2(12):1658-66. https://doi.org/10.1038/s41564-
017-0022-5 PMID: 28947816

11.  Maitra A, Dill KA. Bacterial growth laws reflect the evolutionary importance of energy efficiency. Proc
Natl Acad Sci. 2015 Jan 13; 112(2):406—11. https://doi.org/10.1073/pnas.1421138111 PMID:
25548180

12. Scott M, Klumpp S, Mateescu EM, Hwa T. Emergence of robust growth laws from optimal regulation of
ribosome synthesis. Mol Syst Biol. 2014 Aug 1; 10(8):747. https://doi.org/10.15252/msb.20145379
PMID: 25149558

13. Suboptimal resource allocation in changing environments constrains response and growth in bacteria.
Mol Syst Biol. 2021 Dec; 17(12):e10597. https://doi.org/10.15252/msb.202110597 PMID: 34928547

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1010518  September 16, 2022 15/16


https://doi.org/10.1038/nmeth.2926
http://www.ncbi.nlm.nih.gov/pubmed/24781324
https://doi.org/10.1038/nbt.1591
http://www.ncbi.nlm.nih.gov/pubmed/20010597
https://doi.org/10.1038/nature04342
https://doi.org/10.1038/nature04342
http://www.ncbi.nlm.nih.gov/pubmed/16306983
https://doi.org/10.1038/nrg1244
http://www.ncbi.nlm.nih.gov/pubmed/14708014
https://doi.org/10.1038/nrm2698
http://www.ncbi.nlm.nih.gov/pubmed/19461664
https://doi.org/10.1039/c5ib00275c
http://www.ncbi.nlm.nih.gov/pubmed/26674800
https://doi.org/10.1038/463288a
https://doi.org/10.1038/463288a
http://www.ncbi.nlm.nih.gov/pubmed/20090726
https://doi.org/10.1002/biot.201200085
http://www.ncbi.nlm.nih.gov/pubmed/22649052
https://doi.org/10.1016/j.tibtech.2014.11.009
http://www.ncbi.nlm.nih.gov/pubmed/25544476
https://doi.org/10.1038/s41564-017-0022-5
https://doi.org/10.1038/s41564-017-0022-5
http://www.ncbi.nlm.nih.gov/pubmed/28947816
https://doi.org/10.1073/pnas.1421138111
http://www.ncbi.nlm.nih.gov/pubmed/25548180
https://doi.org/10.15252/msb.20145379
http://www.ncbi.nlm.nih.gov/pubmed/25149558
https://doi.org/10.15252/msb.202110597
http://www.ncbi.nlm.nih.gov/pubmed/34928547
https://doi.org/10.1371/journal.pcbi.1010518

PLOS COMPUTATIONAL BIOLOGY Emergence of qualitative states in synthetic circuits

14. Scott M, Gunderson CW, Mateescu EM, Zhang Z, Hwa T. Interdependence of Cell Growth and Gene
Expression: Origins and Consequences. Science. 2010 Nov 19; 330(6007):1099—-102. https://doi.org/
10.1126/science.1192588 PMID: 21097934

15. Zhang R, Goetz H, Melendez-Alvarez J, Li J, Ding T, Wang X, et al. Winner-takes-all resource competi-
tion redirects cascading cell fate transitions. Nat Commun. 2021 Feb 8; 12(1):853. https://doi.org/10.
1038/s41467-021-21125-3 PMID: 33558556

16. Klumpp S, Zhang Z, Hwa T. Growth Rate-Dependent Global Effects on Gene Expression in Bacteria.
Cell. 2009 Dec 24; 139(7):1366—75. https://doi.org/10.1016/j.cell.2009.12.001 PMID: 20064380

17. Sanchez-Osorio |, Hernandez-Martinez CA, Martinez-Antonio A. Quantitative modeling of the interplay
between synthetic gene circuits and host physiology: experiments, results, and prospects. Curr Opin
Microbiol. 2020 Jun 1; 55:48-56. https://doi.org/10.1016/j.mib.2020.02.008 PMID: 32220744

18. Klumpp S, Hwa T. Bacterial growth: global effects on gene expression, growth feedback and proteome
partition. Curr Opin Biotechnol. 2014 Aug 1; 28:96—102. https://doi.org/10.1016/j.copbio.2014.01.001
PMID: 24495512

19. Quantitative proteomic analysis reveals a simple strategy of global resource allocation in bacteria. Mol
Syst Biol. 2015 Feb; 11(2):784. https://doi.org/10.15252/msb.20145697 PMID: 25678603

20. TanC, Marguet P, You L. Emergent bistability by a growth-modulating positive feedback circuit. Nat
Chem Biol. 2009 Nov; 5(11):842-8. https://doi.org/10.1038/nchembio.218 PMID: 19801994

21. ZhangR, LiJ, Melendez-Alvarez J, Chen X, Sochor P, Goetz H, et al. Topology-dependent interference
of synthetic gene circuit function by growth feedback. Nat Chem Biol. 2020 Jun; 16(6):695—-701. https://
doi.org/10.1038/s41589-020-0509-x PMID: 32251409

22, Melendez-Alvarez J, He C, Zhang R, Kuang Y, Tian XJ. Emergent Damped Oscillation Induced by
Nutrient-Modulating Growth Feedback. ACS Synth Biol. 2021 May 21; 10(5):1227-36. https://doi.org/
10.1021/acssynbio.1c00041 PMID: 33915046

23. Deris JB, Kim M, Zhang Z, Okano H, Hermsen R, Groisman A, et al. The Innate Growth Bistability and
Fitness Landscapes of Antibiotic-Resistant Bacteria. Science. 2013 Nov 29; 342(6162):1237435—
1237435. https://doi.org/10.1126/science. 1237435 PMID: 24288338

24. Roy A, Klumpp S. Simulating Genetic Circuits in Bacterial Populations with Growth Heterogeneity. Bio-
phys J. 2018 Jan 23; 114(2):484-92. https://doi.org/10.1016/j.bp}.2017.11.3745 PMID: 29401445

25. Blanchard AE, Liao C, Lu T. Circuit-Host Coupling Induces Multifaceted Behavioral Modulations of a
Gene Switch. Biophys J. 2018 Feb 6; 114(3):737—-46. https://doi.org/10.1016/j.bp}.2017.12.010 PMID:
29414718

26. YeY,KangX, Bailey J, Li C, Hong T. An enriched network motif family regulates multistep cell fate tran-
sitions with restricted reversibility. Asquith B, editor. PLOS Comput Biol. 2019 Mar 7; 15(3):e1006855.
https://doi.org/10.1371/journal.pcbi.1006855 PMID: 30845219

27. Wang P, Robert L, Pelletier J, Dang WL, Taddei F, Wright A, et al. Robust Growth of Escherichia coli.
Curr Biol. 2010 Jun 22; 20(12):1099-103. https://doi.org/10.1016/j.cub.2010.04.045 PMID: 20537537

28. TanouchiY, Pai A, Park H, Huang S, Buchler NE, You L. Long-term growth data of Escherichia coli at a
single-cell level. Sci Data. 2017 Mar 28; 4(1):170036.

29. BaiY,GaoM, WenL,HeC, ChenY, LiuC, et al. Applications of Microfluidics in Quantitative Biology.
Biotechnol J. 2018; 13(5):1700170. https://doi.org/10.1002/biot.201700170 PMID: 28976637

30. Korem Kohanim, Levi D, Jona G, Towbin BD, Bren A, Alon U. A Bacterial Growth Law out of Steady
State. Cell Rep. 2018 Jun 5; 23(10):2891-900. https://doi.org/10.1016/j.celrep.2018.05.007 PMID:
29874577

31. Erickson DW, Schink SJ, Patsalo V, Williamson JR, Gerland U, Hwa T. A global resource allocation
strategy governs growth transition kinetics of Escherichia coli. Nature. 2017 Nov; 551(7678):119-23.
https://doi.org/10.1038/nature24299 PMID: 29072300

32. KuehHY, Champhekhar A, Nutt SL, Elowitz MB, Rothenberg EV. Positive feedback between PU.1 and
the cell cycle controls myeloid differentiation. Science. 2013 Aug 9; 341(6146):670-3. https://doi.org/
10.1126/science.1240831 PMID: 23868921

33. Andersen JB, Sternberg C, Poulsen LK, Bjgrn SP, Givskov M, Molin S. New Unstable Variants of
Green Fluorescent Protein for Studies of Transient Gene Expression in Bacteria. Appl Environ Micro-
biol. 1998 Jun; 64(6):2240-6. https://doi.org/10.1128/AEM.64.6.2240-2246.1998 PMID: 9603842

34. Corish P, Tyler-Smith C. Attenuation of green fluorescent protein half-life in mammalian cells. Protein
Eng Des Sel. 1999 Dec 1; 12(12):1035—-40. https://doi.org/10.1093/protein/12.12.1035 PMID:
10611396

35. Dhooge A, Govaerts W, Kuznetsov YuA, Meijer HGE, Sautois B. New features of the software MatCont
for bifurcation analysis of dynamical systems. Math Comput Model Dyn Syst. 2008 Apr 1; 14(2):147—
75.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1010518  September 16, 2022 16/16


https://doi.org/10.1126/science.1192588
https://doi.org/10.1126/science.1192588
http://www.ncbi.nlm.nih.gov/pubmed/21097934
https://doi.org/10.1038/s41467-021-21125-3
https://doi.org/10.1038/s41467-021-21125-3
http://www.ncbi.nlm.nih.gov/pubmed/33558556
https://doi.org/10.1016/j.cell.2009.12.001
http://www.ncbi.nlm.nih.gov/pubmed/20064380
https://doi.org/10.1016/j.mib.2020.02.008
http://www.ncbi.nlm.nih.gov/pubmed/32220744
https://doi.org/10.1016/j.copbio.2014.01.001
http://www.ncbi.nlm.nih.gov/pubmed/24495512
https://doi.org/10.15252/msb.20145697
http://www.ncbi.nlm.nih.gov/pubmed/25678603
https://doi.org/10.1038/nchembio.218
http://www.ncbi.nlm.nih.gov/pubmed/19801994
https://doi.org/10.1038/s41589-020-0509-x
https://doi.org/10.1038/s41589-020-0509-x
http://www.ncbi.nlm.nih.gov/pubmed/32251409
https://doi.org/10.1021/acssynbio.1c00041
https://doi.org/10.1021/acssynbio.1c00041
http://www.ncbi.nlm.nih.gov/pubmed/33915046
https://doi.org/10.1126/science.1237435
http://www.ncbi.nlm.nih.gov/pubmed/24288338
https://doi.org/10.1016/j.bpj.2017.11.3745
http://www.ncbi.nlm.nih.gov/pubmed/29401445
https://doi.org/10.1016/j.bpj.2017.12.010
http://www.ncbi.nlm.nih.gov/pubmed/29414718
https://doi.org/10.1371/journal.pcbi.1006855
http://www.ncbi.nlm.nih.gov/pubmed/30845219
https://doi.org/10.1016/j.cub.2010.04.045
http://www.ncbi.nlm.nih.gov/pubmed/20537537
https://doi.org/10.1002/biot.201700170
http://www.ncbi.nlm.nih.gov/pubmed/28976637
https://doi.org/10.1016/j.celrep.2018.05.007
http://www.ncbi.nlm.nih.gov/pubmed/29874577
https://doi.org/10.1038/nature24299
http://www.ncbi.nlm.nih.gov/pubmed/29072300
https://doi.org/10.1126/science.1240831
https://doi.org/10.1126/science.1240831
http://www.ncbi.nlm.nih.gov/pubmed/23868921
https://doi.org/10.1128/AEM.64.6.2240-2246.1998
http://www.ncbi.nlm.nih.gov/pubmed/9603842
https://doi.org/10.1093/protein/12.12.1035
http://www.ncbi.nlm.nih.gov/pubmed/10611396
https://doi.org/10.1371/journal.pcbi.1010518

